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9 Introduction and Summary

Chapter 1

Introduction and Summary

“In other words, money isn’t a material

reality – it is a psychological construct.”

— Yuval Noah Harari,

Sapiens: A Brief History of Humankind

The existence of money or currency has a long and profound history in the modern course

of humanity. It is the fuel of the economy, the common denominator of all transactions,

typically within a geographical area, yet it has no fundamental value, especially since the

end of the gold standard. The value of sovereign currency is primarily drawn from the

collective beliefs of its citizens and its acceptance as legal tender.

There are two aspects to the value of currency, often known as tier 1 money. The pri-

mary concern of many central banks around the world is centered on the first aspect,

i.e., price stability1. A stable price level or contained inflation is key to maintaining trust

in the central bank. If a central bank cannot deliver on its objective of keeping prices

stable, consumers might revise their inflation expectations upward, commonly known as

de-anchoring. On the other hand, higher trust in central banks helps contain inflationary

pressures (Christelisa et al. (2020)).

The second aspect is the role of money as a numeraire. Tier 1 monies are special in this

regard, since they are claims on themselves, unlike other forms of money. Therefore, Cen-

tral Bank Digital Currencies (CBDCs) are a new addition to this category. While they

closely resemble reserves, they are intended for retail use and thus made available to the

public, similar to cash. In recent decades, the use of cash has steadily declined, currently

comprising only about 15% of the M1 supply in many developed economies. Meanwhile,

bank money, classified as tier 2 money since it represents claims on central bank money,

has taken center stage in the payment system. Central banks therefore have a legitimate

reason to be concerned about losing relevance, especially in the digital domain.

When Milton Friedman and Anna J. Schwartz wrote the influential paper Has Govern-

ment Any Role In Money?, they were entering relatively new territory in the world of fiat

currencies. However, they were certain about the necessity of government intervention in

1For example, the primary objective of the ECB is to maintain price stability according to Article
105 of the Treaty establishing the European Community. (p. 75) https://eur-lex.europa.eu/

legal-content/EN/TXT/PDF/?uri=CELEX:12002E/TXT

https://eur-lex.europa.eu/legal-content/EN/TXT/PDF/?uri=CELEX:12002E/TXT
https://eur-lex.europa.eu/legal-content/EN/TXT/PDF/?uri=CELEX:12002E/TXT
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the monetary system:

Of course, recognition that there are ‘good reasons’ for government to intervene and that,

as a matter of historical fact, governments, and especially modern governments, almost

invariably have done so, does not mean that the actual interventions have promoted the

public welfare or that the modes of intervention have been wisely chosen. A major aim of

our monetary history was precisely to investigate this question for the U.S. for the period

after the Civil War. - Friedman and Schwartz (1986)

In this pivotal moment in monetary history, many central banks around the world are

seeking to maintain their footprint in the digital payments space by issuing digital cur-

rencies. According to IMF (2020), this move could reduce the operational cost of cash

by approximately 0.5 to 1% of GDP. Many authors, such as Bordo (2021), argue that

digital currencies could address the declining demand for central bank-issued payment

instruments. Their argument rests on the observation that the use of cash for payments

has dropped significantly. For instance, in the euro area, the number of cash payments

declined from 79% in 2016 to 52% in 2024, while the volume of cash payments fell from

54% to only 39% over the same period. This decline can be attributed to the increased

usage of digital payment methods (e.g., cards, mobile apps), even for small-value trans-

actions (see ECB (2024b)).

However, this optimistic view should be taken with a pinch of salt. A recent survey con-

ducted by the ECB (see Georgarakos et al. (2025)) found that, although awareness of the

digital euro program has increased since the last survey, the actual adoption rate may

remain low. The study also identified significant habit persistence in consumer payment

behavior. As a result, a significant number of consumers responded negatively when asked

about adopting the digital euro. The proposal by Hayek (1976), advocating a system of

private currency competition, is problematic, as currencies tend to exhibit strong network

externalities, as noted by Brunnermeier et al. (2019). These externalities could similarly

affect the digital euro, which would need to compete with private payment systems such

as debit cards or mobile apps. Moreover, behavioral and cultural factors play a major role

in payment choices. For example, in Germany, the preference for cash stems primarily

from concerns about losing control. Cash provides a tangible way to visualize and track

spending, which is especially valued by debt-averse consumers.

The main theme of this doctoral dissertation is to understand to what extent consumers’

preferences in payments and behavior in the deposit market matter for the success of

digital currency if introduced by central banks. From the consumer survey conducted by

ECB researchers Georgarakos et al. (2025), it is clear that consumer payment behavior

will play a major role in determining the amount of digital euros actually used in the

economy and the overall demand for such digital instruments. As mentioned in Bindseil
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and Senner (2024), both the DSGE models in Chapter 2 and Chapter 3 fail to account

for the conservative approach of central banks, especially the ECB, which do not wish to

alter the traditional role of commercial banks but do aim to increase their digital foot-

print in payment infrastructure through the introduction of a central bank-backed digital

currency.

Thus, the introduction of CBDCs can be seen more as a reaction to changing public pay-

ment behavior than as a proactive disruption of the monetary system. Existing DSGE

models such as Burlon et al. (2024a), Ferrari Minesso et al. (2022) typically include CB-

DCs in households’ utility functions, implying non-pecuniary benefits from holding these

assets. However, this approach does not fully capture the central bank’s actual moti-

vations, as outlined in recent progress reports on the Digital Euro (see ECB (2024a)).

That said, the main objective of my DSGE models is not to endogenize the central bank’s

behavior, but rather to understand the implications for monetary and fiscal policy when

a central bank introduces a CBDC, given the existing structure of the deposit market

and the behavioral characteristics of consumers in terms of financial savings and liquidity

demand.

In Chapter 2, I construct a Dynamic Stochastic General Equilibrium (DSGE) model to

explore how the introduction of a CBDC affects the banking sector, monetary transmis-

sion, and macroeconomic dynamics, particularly under varying consumer preferences for

liquidity. The motivation stems from growing concerns among central banks over disin-

termediation risks and loss of monetary control, especially as digital payment ecosystems

become increasingly dominated by private actors. The model builds on the banking struc-

ture of Gerali et al. (2010), introducing monopolistic competition in the deposit market

to capture observed stickiness and market power in bank pricing, as emphasized by em-

pirical studies such as Drechsler et al. (2017). It incorporates a two-household framework

with heterogeneous liquidity preferences: patient households derive utility from holding

both cash and CBDC, while impatient households borrow to smooth consumption and

do not hold liquid assets. The CBDC instrument is parameterized to allow varying de-

grees of substitutability with cash, following the approach of Agur et al. (2019). Storage

costs apply to cash but not to CBDC, creating a structural advantage for the latter.

The model captures the potential for CBDC to reduce banks’ deposit base, increasing

funding costs and impacting loan supply. However, the consequences of this substitution

depend critically on banks’ pricing power and the liquidity needs of households. When

households are homogeneous, greater deposit elasticity (i.e., reduced market power of

banks) results in contractionary outcomes, as deposit outflows constrain credit provision

and dampen aggregate demand. In contrast, with heterogeneous liquidity preferences,

these effects are mitigated: High-liquidity households continue to supply deposits despite
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lower returns, and the macroeconomy experiences a milder or even expansionary adjust-

ment. This result highlights a key policy insight: CBDC-induced disintermediation is

not uniform across demographic or behavioral lines and must be evaluated in the context

of underlying heterogeneity in financial preferences. Moreover, the analysis shows that

monetary policy transmission is weakened in the presence of CBDC. The availability of

a costless, interest-bearing digital asset lowers the sensitivity of household saving behav-

ior to changes in the nominal interest rate. This decoupling can reduce the effectiveness

of traditional policy levers, particularly when CBDC and cash are complements rather

than substitutes. The model also reveals that design features of CBDC, such as its remu-

neration and substitutability, have significant implications for investment behavior, with

higher substitutability supporting stronger investment responses under technology shocks

but exacerbating bank disintermediation under financial shocks.

In Chapter 3, I extend the analysis by addressing an important but often overlooked

dimension in the debate on CBDC: the long-term relationships between banks and depos-

itors. While much of the existing literature evaluates the disintermediation risk through

the lens of competitive deposit markets, empirical evidence suggests that households of-

ten maintain persistent relationships with their banks, shaped by switching costs, bundled

financial services, and behavioral inertia. This persistence can significantly cushion the

impact of CBDC on bank funding but also introduces new frictions that matter for welfare

and policy transmission. To study this, I develop a medium-scale DSGE model with fi-

nancial frictions à la Gertler and Karadi (2011), augmented with a deep-habits framework

in the banking sector based on Airaudo and Olivero (2019) and Aliaga-Dı́az and Olivero

(2010). The model features a banking sector with endogenous spread dynamics, where

deposit rates evolve sluggishly due to habit persistence and relationship-specific frictions.

These frictions mimic the hold-up problem in long-term depositor-bank relationships,

allowing banks to exert market power and insulate themselves from short-run shocks, in-

cluding the competitive pressure induced by the introduction of a CBDC. The model is

calibrated to match key features of the U.S. banking sector, including the low pass-through

of policy rates to retail deposit rates, as observed in data from the Federal Reserve and

confirmed in studies such as Drechsler et al. (2017). Simulations show that in the presence

of CBDC, the credit intermediation channel of banks becomes more sensitive to monetary

shocks, especially when central banks manage retail CBDC instruments less efficiently

or without tiered remuneration. While contractionary monetary policy increases funding

costs and compresses bank profits, deep-habit dynamics in deposit pricing allow banks to

smooth out the adjustment and protect margins. More interestingly, the model reveals

that the depositor-bank relationship itself becomes a stabilizing force. In scenarios where

banks maintain strong relationships with depositors, CBDC-induced deposit outflows are
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significantly muted, limiting the potential for disintermediation. However, when these

relationships weaken, due to either policy shocks or declining switching costs, deposit

spreads compress, and banks respond by deleveraging or increasing lending spreads, am-

plifying the macroeconomic impact. Finally, I explore the welfare implications of CBDC

introduction in the presence of relationship banking. While CBDC can discipline exces-

sive rent extraction by banks, it also imposes a cost on central banks in managing retail

instruments and may reduce the efficiency of credit allocation if disintermediation is not

properly mitigated. These results highlight that CBDC is not a neutral policy instrument;

it interacts with existing market structures in non-trivial ways. As such, central banks

must carefully weigh the competitive and relational aspects of banking when designing

CBDC frameworks.

Brunnermeier and Niepelt (2019) provide a useful benchmark for thinking about the

macroeconomic consequences of introducing a central bank digital currency. In their gen-

eral framework, a swap of deposits for CBDC is neutral, leaving equilibrium allocations

and prices unchanged, whenever wealth neutrality and liquidity neutrality hold. Wealth

neutrality requires that households’ net worth be unaffected when they reallocate be-

tween deposits and CBDC, while liquidity neutrality requires that this reallocation does

not tighten or relax any of the economy’s means-of-payment constraints. When these

conditions are satisfied, and when the central bank supplies pass-through funding to off-

set banks’ lost deposits, the deposit supply schedule is effectively replicated. In that

case, households, firms, and banks face the same feasible sets as before the introduc-

tion of CBDC, and the initial allocation remains an equilibrium. The models developed

in Chapters 2 and 3 deliberately move away from this neutrality benchmark. First,

CBDC and deposits are modeled as imperfect substitutes, implying that changes in their

relative composition alter households’ liquidity services and thereby violate liquidity neu-

trality. Second, the deposit market features monopolistic competition, so even with full

pass-through funding, banks cannot preserve their pre-CBDC profit margins. These dis-

tributional effects break wealth neutrality by shifting seigniorage rents away from banks.

Finally, under Gertler and Karadi (2011)-type financial frictions with moral hazard, the

composition of bank funding is itself incentive-relevant: household deposits provide dis-

cipline that central-bank funding does not. Replacing deposits with CBDC therefore

changes banks’ moral-hazard constraints and invalidates the equivalence conditions. As

a result, in the environments I study, the introduction of CBDC generally induces non-

neutral reallocations in the banking sector and the broader economy.

There is another concern for policymakers besides the neutrality of CBDC, namely its

effect on banks, especially when they have monopoly power in the deposit market. An-

dolfatto (2020) shows that the introduction of CBDC can enhance lending, as bankers will
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face competition from the CBDC interest rate, thereby reducing their monopoly power.

Using an overlapping-generations model, he shows that when CBDC and deposits are per-

fect substitutes, what matters for private banks is whether the CBDC interest rate is set

below the IOR rate set by the central bank. If so, banks face direct competition from the

CBDC interest rate. In my DSGE models, there are several differences compared with

Andolfatto (2020). First, banks in my model do not have alternative funding options.

Therefore, there is a direct impact on the balance sheet of the bank, and a reduction in

deposits leads to a decline in overall loans. I model deposits and CBDC in a non-separable

money-in-utility framework. By design, an increase in CBDC leads to an increase in the

deposit base. Surprisingly, due to the presence of monopoly power in the banking sector,

deposit spreads increase as well. Hence, households are willing to hold greater deposits

even at a lower return on deposits.

There is little empirical work on CBDC to complement the growing theoretical literature.

Despite the lack of data on actual CBDC usage, Li (2023) use the Canadian Financial

Monitor Survey and the Methods of Payment Survey to estimate a nested logit model

of CBDC demand. They find that if the attributes of CBDC are more similar to cash,

demand for CBDC would be around 4 percent of total liquid assets, whereas if CBDC

is designed to resemble deposits, demand could be as high as 52 percent. This result is

driven by the fact that households tend to store liquid assets in deposits because they are

often bundled with other banking services. In another paper, Li et al. (2024) shows that

neglecting the financial services provided by deposits can lead to a significant overesti-

mation of CBDC demand. Moreover, if an unremunerated CBDC does not have service

locations such as post offices or bank branches, its demand can be very low, capturing only

about 0.7 percent of the market. Complementing this demand-based evidence, Whited

et al. (2022) estimate a dynamic banking model and find that a one-dollar increase in

CBDC holdings replaces roughly eighty cents of bank deposits, although only a fraction

of this reduction translates into lower lending because banks substitute toward wholesale

funding. They also show that this shift raises banks’ interest rate risk and weakens their

resilience, particularly for smaller banks that face higher wholesale funding costs.

In Chapter 4, I turn to a methodological contribution motivated by one of the most

persistent critiques of agent-based macroeconomic models (ABMs): their calibration.

While ABMs offer a powerful framework for capturing heterogeneity, network effects, and

bounded rationality, their flexibility comes at a cost. Critics often point out that ABMs

feature high-dimensional parameter spaces, and without rigorous empirical grounding,

calibration risks becoming ad hoc or even arbitrary. Addressing this challenge is essential

if ABMs are to be taken seriously in policy or forecasting contexts, particularly in areas

like CBDC, where agent behavior and institutional design interact in complex ways. This
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chapter proposes a novel calibration framework for ABMs that leverages recent advances

in machine learning and reinforcement learning to efficiently search parameter spaces and

improve fit with empirical data. The approach is tested on the well-established ADG

model introduced in Assenza et al. (2015), which serves as a representative benchmark

for macro-financial ABMs. The calibration procedure is structured in three stages. First,

a machine learning-based search algorithm, such as a random forest surrogate, is used to

identify promising regions of the parameter space. Second, we run extensive simulations

in those regions. Third, a loss function quantifies the fit between simulated outcomes and

real-world time series data, allowing us to iteratively refine our search toward optimal

parameter sets. This method offers several practical advantages. First, we show that

random forest surrogates are particularly effective in navigating the highly irregular and

non-convex landscape of ABM loss functions. Second, combining multiple search strate-

gies into a mixed method consistently improves calibration performance across different

empirical targets. Most notably, reinforcement learning can be employed to dynamically

weight and aggregate these strategies during the search process, achieving better outcomes

than any single method alone. The results demonstrate that it is not only feasible to cali-

brate ABMs to macroeconomic data, but that doing so with modern AI tools can greatly

enhance both the speed and robustness of the calibration process. This is particularly

important for large-scale policy-oriented ABMs, such as those modeling the transition to

digital currencies, where policy parameters interact with agent-level decisions in nonlinear

and path-dependent ways. By offering a systematic and data-driven method of calibra-

tion, this chapter helps bridge the gap between ABMs and empirical macroeconomics,

bringing the flexibility of agent-based approaches closer to the standards of validation

required for practical policy analysis.

In Chapter 5, we develop an agent-based macroeconomic (ABM) framework to study

the introduction of a CBDC as a novel payment instrument in an economy where both

cash and deposit money already coexist. This modeling approach allows us to explicitly

incorporate heterogeneous behaviors among consumers and firms, particularly focusing

on how payment preferences and technology adoption evolve over time in response to the

introduction of CBDC. Unlike representative-agent models, the ABM framework captures

the endogenous emergence of frictions in payment coordination due to the decentralized

nature of decision-making. The model simulates an economy with multiple consumers

and firms interacting on markets for goods, labor, and credit. A key novelty is the ex-

plicit treatment of the payment system as a two-sided market: consumers derive utility

from using different payment instruments, and firms decide which ones to accept based

on their expectations of consumer behavior. The introduction of CBDC shifts the equi-

librium in this two-sided market and induces a regime transition that is nontrivial and
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temporally uneven. Simulation results suggest that the economy undergoes an initial

contraction following the introduction of CBDC. This contraction stems from a mismatch

between consumer adoption and merchant acceptance, leading to payment frictions and

underutilization of consumption budgets. Uncertainty about CBDC’s privacy and security

features further delays adoption, creating a coordination failure that suppresses aggregate

demand, reduces output, and raises unemployment in the short run. Over time, as con-

sumers and firms gradually update their expectations and adoption spreads, the economy

recovers. The long-run effects are positive: payment efficiency increases, and the economy

reaches a higher level of output and employment compared to the pre-CBDC equilibrium.

However, the magnitude and duration of the transitional effects depend heavily on con-

sumers’ feature preferences and the substitutability between CBDC and other forms of

money. Simulations under different CES preference parameterizations show that stronger

complementarity between payment features significantly delays adoption and deepens the

short-run downturn, even if long-run outcomes improve. The agent-based framework also

captures path-dependent dynamics that are difficult to model in more traditional setups.

For example, the inertia in firm acceptance behavior can generate persistent underuti-

lization of CBDC unless nudged by policy interventions such as public communication,

incentives, or standard-setting around CBDC design. Importantly, the model highlights

that successful CBDC implementation requires more than just technical availability; it

demands alignment between institutional design, user preferences, and network effects in

payment behavior. Together, these results contribute to a growing recognition that digital

currency adoption is not simply a technological change but a deep institutional shift with

complex macroeconomic repercussions. Agent-based modeling, with its granularity and

behavioral realism, offers a powerful lens for capturing these dynamics and guiding policy

decisions in the design and roll-out of sovereign digital currencies.

Taken together, the chapters of this thesis aim to provide a comprehensive and multi-

method exploration of how a Central Bank Digital Currency could reshape the financial

landscape. From structural DSGE models capturing institutional frictions and policy

trade-offs to agent-based simulations highlighting coordination failures and behavioral

dynamics, and finally to methodological advances in calibrating such complex models,

this dissertation offers both theoretical insight and practical tools. While the promise of

CBDC is often framed in terms of innovation and inclusion, the findings here underscore

that its success will ultimately hinge on a deeper understanding of household behavior,

banking market structure, and the slow-moving but powerful forces of habit and trust. As

central banks navigate this digital frontier, the evidence presented across these chapters

makes clear that the design of CBDC cannot be separated from the social and economic

systems into which it is introduced.
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Chapter 2

A Macroeconomic Model of Central

Bank Digital Currency

2.1 Introduction

Central bank digital currency (CBDC) has quickly become a substantial focus of central

bank research, and many claim that this is due to central banks around the world ex-

periencing a major fear of missing out. The presence of many cryptocurrencies has led

to this belief, and central banks do not want to leave significant control in the hands

of private companies when it comes to payments and money. Gorton and Zhang (2022)

goes to great lengths discussing why the government should be cautious when consider-

ing the coexistence of privately issued digital money, like stablecoins, and fiat currencies,

as it could result in the relinquishment of their monopoly on issuing and circulating money.

The introduction of CBDC poses several concerns to the monetary authorities of economies.

For example, CBDC might substitute conventional private money, i.e., deposits held at

banks, leading to a substantial increase in the funding cost of banks; see Carapella and

Flemming (2020). Keister and Sanches (2022) have shown that if CBDCs become highly

competitive with bank deposits, disintermediation is unavoidable. The impact of CBDCs

on bank funding depends on whether they are cash-like or deposit-like. A cash-like CBDC

would have no direct effect on bank funding, but a deposit-like CBDC would lead to a re-

duction in deposits and lending. Despite this, the introduction of a CBDC would increase

the aggregate stock of liquid assets, leading to more efficient exchange and improved social

welfare. In their work, they model the banking sector as a competitive market using the

framework of Lagos and Wright (2005). This outcome has solid ground, as households

around the world consider the central bank’s liability the safest one, as recently conveyed

by the survey of OMFIF (2020).

Although the above claim can be contested, as empirical studies seem to show that banks
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have market power. 1 In another work, Chiu et al. (2023) micro-founded a general equilib-

rium model of the payments and banking market and calibrated it to the U.S., finding an

imperfectly competitive banking sector. An interest-bearing CBDC could increase bank

intermediation by raising bank lending by 1.57%, as well as deposit and loan rates, but

CBDC remuneration must remain within a specific range. Garratt et al. (2022) created a

simplified model in which big and small banks compete to illustrate how the introduction

of a CBDC could have varying effects. They assumed that big banks offer nonpecuniary

benefits to depositors, but this benefit could be mimicked by a bank-distributed CBDC,

even if policymakers could independently set the convenience yield. In their scenario,

introducing an interest-bearing CBDC reduces the convenience gap between small and

large banks, thereby weakening the market power of big banks.

Although banks might see their profits squeezed by the CBDC, the extent of this effect

will depend on how easily they can switch to alternative market-based funding, increase

lending rates (which could lead to a loss of potential borrowers), or deleverage. Hence,

the business strategy of banks, their level of leverage, the size of the bank, and its rep-

utation are all important considerations in understanding the effect of CBDC. Different

hypothetical scenarios regarding these dynamics are discussed in detail in Adalid et al.

(2022).

The success of the newly introduced payment instrument in the economy (CBDC in this

case) hinges on many important factors. Some of these factors include consumer prefer-

ences and its similarity to cash. Since a CBDC is a central bank liability and is promoted

as a digital alternative to cash, consumers will evaluate its usefulness based on how closely

it resembles cash. In this paper, I study two major aspects of digital currency: cash simi-

larity and the heterogeneity of utility that consumers derive from holding liquid payment

instruments.

This paper contributes to the important and growing body of work on bank intermedia-

tion and lending in the presence of CBDC by developing a Dynamic Stochastic General

Equilibrium (DSGE) model featuring bank monopoly and the adoption of a liquid asset,

following Gerali et al. (2010). The supply side of the credit market is primarily populated

by private banks. Monopolistic competition, along with market power, is one of the key

characteristics of these banks. Banks often exploit lock-in effects, i.e., long-term rela-

tionships with customers—as the latter find it costly to switch banks frequently. These

long-term relationships often give rise to asymmetric information in the contracts between

borrowers and lenders (see Diamond (1984), Sharpe (1990)). Many empirical studies have

confirmed that interest rate spreads and bank profitability are strongly influenced by the

1 In their study, Drechsler et al. (2017) provided evidence of the market power that U.S. banks hold in
deposit markets. Their findings indicated that when the federal funds rate increases, the policy rates
and deposit rates exhibit a wider spread, ultimately leading to a decrease in the total volume of deposits.



19 A Macroeconomic Model of Central Bank Digital Currency

degree of competition among banks (for more detailed studies, see Berger et al. (2004),

Degryse and Ongena (2008)). This monopoly power might attenuate the crowding-out

effect on deposits, as Andolfatto (2020) shows that banks may leverage this power to

counteract the impact of CBDC. Moreover, monopolistic competition in the banking sec-

tor might lead to an increase in lending activity, as banks may raise deposit rates and

subsequently lower lending rates, resulting in higher volumes of credit supplied to firms

due to increased demand. Andolfatto (2020) developed an overlapping generations model

to study these effects, whereas this paper employs a DSGE modeling approach, allowing

for the analysis of general equilibrium effects and policy rules.

The paper follows Gerali et al. (2010) to develop the DSGE model and incorporates CBDC

into the economy. Among the two types of households, patient households derive utility

from holding cash and CBDC, whereas impatient households are net borrowers in the

economy and do not hold any liquid assets. Cash entails a quadratic storage cost that

increases with the level of cash holding, following Burlon et al. (2024a), whereas CBDC

is free from such costs, thereby offering a potential advantage over cash. The central

bank can adjust the degree to which CBDC behaves like cash or deposits by modifying its

elasticity of substitution and a scaling parameter, following Agur et al. (2019). Impatient

households smooth their consumption by borrowing from banks, with housing used as

collateral, as in Iacoviello (2005). Entrepreneurial firms produce wholesale goods by bor-

rowing from banks to finance capital purchases. They face a borrowing constraint, with

the present value of capital serving as collateral, following Kiyotaki and Moore (1997).

The banking sector is divided into two components: the retail sector and the wholesale

sector. The wholesale sector determines the spread between the deposit rate and the

policy rate. In the retail sector, banks decide the interest rates to charge households and

firms. Banks’ market power is captured through the interest rate elasticity of deposit

and loan demand. Additionally, banks face quadratic adjustment costs when changing

interest rates.

The introduction of CBDC reduces the typical responses of output, consumption, etc.,

when the economy is faced with a total factor productivity shock. On the other hand,

the response of investment is the opposite; investment is higher in the model with CBDC.

Although banks experience an outflow of deposits, they reduce the interest rate charged

on firm loans, which helps them recover some of the lost profit margins. Monetary policy

transmission is weakened under the CBDC model. Since households have an alternative

savings instrument without a storage cost, an increase in the interest rate does not raise

the opportunity cost of holding sovereign currency, as it does in the absence of CBDC. To

understand the implications of CBDC design choices, I conducted simulations with sce-

narios where CBDC and cash are either substitutes or complements. When the economy
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faces a bank capital quality shock, the banking sector is worse off in the case where cash

and CBDC are complements. In this case, the increase in deposit holdings is smaller than

in the substitution scenario. As households increase their savings in central bank-backed

assets, the overall outflow of deposits becomes higher. When households are heteroge-

neous in terms of liquidity preference, changes in banks’ market power in the deposit

market have varying consequences. In the homogeneous case, an increase in deposit elas-

ticity, i.e., a reduction in banks’ market power, is contractionary. As banks face larger

deposit outflows, they become less able to supply loans to firms and households. As a

result, investment declines, along with output and consumption. Since households have

less income, they save less in both CBDC and cash, leading to a decline in the holdings of

both. In contrast, when liquidity preference is heterogeneous, a decrease in banks’ market

power has an expansionary effect on the economy. A significant portion of the population

has a higher demand for liquidity services, so banks still receive deposits from households

even when their market power is reduced. The same applies to cash and CBDC holdings.

Policymakers designing digital currencies need to account for heterogeneity in liquidity

preferences across the population when drawing conclusions about the crowding-out effect

of CBDC on bank deposits.

The rest of the paper is structured as follows: Section 3.3 describes the model and its

features; Section 3.4 explains the calibration and estimation of the model; Section 3.5

presents the results; and finally, Section 3.7 concludes the paper.

2.2 Model

My model is constructed upon the closed-economy DSGE framework by Gerali et al.

(2010), in which the economy consists of households, firms, capital-good producers, en-

trepreneurs, retailers, one representative bank, and a central bank.

Households are of two types: impatient and patient. They differ in how they discount the

future, or in other words, how impatient they are. By construction, the discount factor

of patient households (βP ) is greater than that of impatient households (βI). House-

holds work, accumulate housing services, and use financial instruments for consumption

smoothing. Entrepreneurs, on the other hand, hire labor from both types of households,

purchase capital goods, produce intermediate goods, and sell them to retailers.

Workers supply labor in a frictionless, competitive framework to entrepreneurs, and their

wages are determined to match firm demand. Capital goods producers transform retail

goods and depreciated capital into new capital, which is used in the production of in-

termediate goods. Retailers buy intermediate goods from entrepreneurs in a competitive

market and repackage them in a differentiated monopolistic market, subject to nominal
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price rigidity following Rotemberg (1982).

In the financial sector, there is a representative bank that provides loans to impatient

households using housing services as collateral. It also lends to entrepreneurs using

inflation-adjusted capital as collateral. Banks are subject to regulations in the form of

costly deviations from the optimal bank capital-to-asset ratio. Patient households hold

deposits at the bank and earn interest rates set under monopolistic competition. The

central bank must make two policy decisions: set the policy interest rate or the supply

of cash, and set either the supply or interest rate of the CBDC. Patient households hold

both cash and CBDC, which are supplied by the central bank.

2.2.1 Patient Household

The infinitely lived patient household maximizes their following utility function by choos-

ing a level of consumption, how much to work, and a financial portfolio for saving.

E0

∞∑︂
t=0

βtP

[︄
(1 − aP )ϵZt log(CP

t (i) − aPCP
t−1) + ϵht log HP

t (i) − LPt (i)1+ϕ

1 + ϕ
+ χz,t log Zt

]︄
(2.1)

where the zt represents the consumption of liquidity services provided by deposits, cash,

and CBDC, as in Burlon et al. (2024a). zt is a CES aggregate bundle of the liquid asset

and has the following expression:

Zt =

[︄
M

ηz,t−1

ηz,t

t + ϑtDC

ηz,t−1

ηz,t

t + ωdD

ηz,t−1

ηz,t

t

]︄ ηz,t
ηz,t−1

(2.2)

Household consumption CP
t is affected by the external and group-specific consumption

habits of the last period CP
t−1. The steady-state impact of habits is offset by the factor

of 1 − aP . They supply LPt units of labor and are paid an hourly wage of W P
t . The

labor disutility is parameterized by the inverse Frisch elasticity parameter ϕ. The patient

household opts for HP
t units of housing services, which are subject to housing demand

shock ϵht .

CP
t (i) +QP

t ∆HP
t (i) +DP

t (i) +MP
t (i) +DCP

t (i) + f(MP
t (i)) ≤

W P
t L

P
t (i) + (1 +Rd

t−1)
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t−1(i)

Πt

+ (1 +RDC
t−1)

DCP
t−1(i)

Πt

+
MP

t−1(i)

Πt

+ T Pt (i) (2.3)

The cash is subject to storage cost in the form of f(Mt) = ψM

2
M2

t with ψM > 0 following

Burlon et al. (2024a). Deposit holding is remunerated by the net rate RD
t from the bank,
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and CBDC holding is remunerated by the net rate RDC
t from the central bank. Πt is the

gross inflation rate and T Pt is the lump-sum transfer that includes dividends from firms

and banks.

Effective lower bound The first-order condition of cash can be rewritten as

ΛP
t = βPEt

ΛP
t+1

Πt+1

− ΛP
t ψMMt +

(︃
χZt
Zt

)︃(︃
Zt
Mt

)︃ 1

ηZt

= βPEt
ΛP
t+1

Πt+1

[︃
1 − ΛP

t ψMMtEtΠt+1

βPEtΛP
t+1

]︃
+

(︃
χZt
Zt

)︃(︃
Zt
Mt

)︃ 1

ηZt

Thus, we can think of
[︂
1 − ΛP

t ψMMtEtΠt+1

βPEtΛP
t+1

]︂
the gross return on cash by drawing a simi-

larity with other assets. The marginal cost of storage of cash is ψMMt. Thus the term
ΛP
t ψpMtEtΠt+1

βPEtΛP
t+1

represents the next period’s value of the marginal cost of storing 1 unit of

real cash balance today. The return on cash is therefore negative as typically ψM > 0.

The return on cash decreases with (1) a higher level of cash balance and (2) a higher level

of inflation. A consumer who only holds cash will be interested in holding another asset

if its return is slightly higher than the negative return on cash, even if the return on that

asset is itself negative. Therefore, the effective lower bound of the economy is given by

−ΛP
t ψMMtEtΠt+1

βPEtΛt+1

In a zero-inflation steady state, the lower bound simplifies to −ψMM/βP which corre-

sponds to the marginal storage cost of cash in the steady state.

2.2.2 Impatient Household

Impatient households are net borrowers of the economy and maximize the following utility

function by choosing the level of consumption CI
t , number of hours to work, LIt and housing

services HI
t .

max
CI

t ,H
I
t ,L

I
t ,B

I
t
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subject to the budget constraint
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In order to smooth their consumption, impatient households borrow BI
t units of loan

against the housing service as collateral, thus subject to eq 2.5

(1 +RbH
t )BI

t (i) ≤ mI
tEt[Qh

t+1H
I
t (i)Πt+1] (2.5)

where mI
t stands for the loan-to-value ratio for the credit that the bank lends to the

impatient household. The mI
t has been considered exogenous and subject to shocks,

representing the fact that during the bad or good times, banks might face different levels

of risk and thus change the percentage of capital required as collateral.

2.2.3 Entrepreneurs

The entrepreneurs maximize the following utility function

E0

∞∑︂
t=0

βtE log(CE
t (i) − aECE

t−1)

by choosing their consumption CE
t , level of utilization of physical capital Ut , level of

physical capital Kt+1. Their optimization problem is subject to two constraints, namely

the budget constraint and the borrowing constraint. The budget constraint for the en-

trepreneurs is as follows:
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BE
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E
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Y E
t (i)
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+ BE
t (i) + Qk

t (1 − δ)KE
t−1(i) (2.6)

Entrepreneurs produce intermediate goods according to Eq. 2.7. They hire labor from

patient and impatient households and pay them hourly wages W P
t and W I

t respectively.

Total labor employed is LEt and it is aggregated using a Cobb-Douglas function, LEt =

[LE,Pt ]µ[LE,It ]1−µ where µ is the labor income share of the patient household (Iacoviello

and Neri (2010)). Physical capital is priced at, Qk
t and its utilization comes at a cost

of ψ(Ut(i)). Xt is the relative price of wholesale goods to retail goods and is defined as
PW
t

Pt
= 1

Xt
.

Y E
t (i) = AEt [KE

t−1(i)Ut(i)]
αLEt (i)1−α (2.7)

In order to meet their funding gap, entrepreneurs borrow BE
t units of loans from the

bank at the net interest rate RbE
t per unit. Banks ask for physical capital as collateral.

Therefore, the borrowing constraint becomes the discounted value of next period’s stock

of physical capital. Like in the case of impatient households, the borrowing constraint of
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the entrepreneurs is also subject to a loan-to-Value ratio ME
t .

(1 +RbE
t )BE

t (i) ≤ mE
t Et[Qk

t+1(1 − δ)KE
t (i)Πt+1] (2.8)

2.2.4 Loan and Deposit Demand

Banks are subject to monopolistic competition in the deposit and loan market. Each

financial product is differentiated, and its demand is inversely proportional to the re-

turn/cost of the product. Therefore, demand for two types of loans to bank j is given

by

BI
t (j) =
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t (j)

RbH
t

)︃−ϵbHt
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t BE
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with
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Similarly, aggregate deposit demand for patient household j is given by

DP
t (j) =

(︃
Rd
t (j)

Rd
t

)︃−ϵdt
DP
t (2.10)

and the interest on the deposit is given by

Rd
t =

[︃∫︂ 1

0

RbH
t (j)1−ϵ

d

dj

]︃ 1

1−ϵd

Here, steady-state elasticities of the financial products have values ϵbH , ϵbE > 1 for the

loans and ϵd < −1 for the deposit. These elasticities are considered to be stochastic to

allow for the unexpected changes in different bank rate spreads. For more details, see

Gerali et al. (2010).

2.2.5 Banking sector

The banking sector model developed in Gerali et al. (2010) provides a solid foundation

for analyzing the effects of disintermediation if a central bank were to introduce a CBDC.

In this model, banks gain market power through the differentiation of financial products

and the gradual accumulation of capital via retained earnings. These features make it

a natural choice for studying how banking markets might respond to disintermediation

pressures and economic shocks.

Each representative bank of this type j has two branches, namely a wholesale branch and
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a retail branch. The wholesale branch is responsible for managing bank capital, wholesale

loans, and wholesale deposits. This branch of the bank can be typically thought to be

with the other financial institutions, taking part in the open market operation of the

Federal Reserve in the US, etc. This branch accumulates bank capital KB
t according to

the following rule:

πtK
b
t = (1 − δb)Kb

t−1 + jbt−1 (2.11)

where jbt−1 is the retained bank profit from the last period. Banks target for an exogenous

leverage ratio, and any deviation from that target would be costly for the bank, implying

poor portfolio management, bad economic conditions, etc. We also assume that the bank

is able to maintain the exogenous leverage ratio in steady-state, thus removing the cost

of deviation from this ratio in the steady-state. Bank capital is also subject to exogenous

shocks i.e. Bank capital shock to simulate the phenomenon of exogenous changes in banks

valuation or equity in the face of financial turmoil.

Wholesale branch of the bank maximize their profit by choosing wholesale loans Bt and

wholesale deposit Dt, thus maximizing the following,

max
Bt,Dt

Eo
∞∑︂
t=0

ΛP
0,t

[︁(︁
1 +Rb

t

)︁
Bt −Bt+1πt+1 x+Dt+1πt+1 − (1 +Rd,w

t )Dt

+Kb
t+1πt+1 −Kb

t −
κKB

2

(︃
Kb
t

Bt

− νb
)︃2
]︄

subject to the balance sheet constrain,

Bt = Dt +Kb
t (2.12)

First order condition of the above optimization problem gives us the wholesale loan rate

as,

Rb
t = Rd,w

t − κKB

(︃
Kb
t

Bt

− νb
)︃(︃

Kb
t

Bt

)︃2

(2.13)

If the wholesale deposit rate Rd,w
t (net rate) is the same as the net policy rate of the

central bank RCB
t

2, then the spread between the wholesale loan rate and the policy rate

is driven by the costs that banks incur when they deviate from the optimal leverage ratio.

A decrease in a bank’s leverage ratio implies that the bank faces more favorable financial

conditions in the market. Therefore, the greater the cost of deviation, the lower the spread

between the wholesale interest rate and the policy rate, and banks cannot bid the interest

2 In open market operations, many central banks, e.g., the Federal Reserve, use the window on the
overnight repurchase agreement, creating a ceiling and floor for borrowing and lending. Banks in the
interbank markets might use one of these rates, making this assumption viable.
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rate higher than what the central bank requires.

The retail branch of the bank borrows wholesale loans from the wholesale branch of the

bank at the net rate Rb
t and differentiates the loans to offer them to impatient households

and entrepreneurs. They apply a markup over the wholesale rate Rb
t and face quadratic

costs when changing the interest rates they charge for retail loans. These effects are

captured by parameters κbE and κbH . Therefore, banks optimize profits by maximizing

the following expression by choosing the retail net interest rates, namely RbH
t , RbE

t for

loans to impatient households and entrepreneurs, respectively:

max
RbH

t (j),RbE
t (j)

Eo
∞∑︂
t=0

ΛP
0,t

[︄
RbH
t (j)BI

t (j) +RbE
t (j)BE

t (j) −Rb
tBt(j)

−κbH
2

(︃
RbH
t (j)

RbH
t−1(j)

− 1

)︃2

RbH
t BI

t −
κbE
2

(︃
RbE
t (j)

RbE
t−1(j)

− 1

)︃2

RbE
t B

E
t

]︄

subject to the loan-specific demands obtained in section 2.2.4 as

BI
t (j) =

(︃
RbH
t (j)

RbH
t

)︃−ϵbHt
BI
t ; BE

t (j) =

(︃
RbE
t (j)

RbE
t

)︃−ϵbEt
BE
t (2.14)

and the supply of wholesale loan constraint,

Bt(j) = BI
t (j) +BE

t (j) (2.15)

The retail branch collects deposits from patient households, pays them Rd
t for their

deposit holding, and passes the collection on to the wholesale branch, gaining remuneration

at the central bank’s policy rate RCB
t . Similar to the case of retail loans, the bank faces

adjustment costs parameterized by κd changing the net deposit interest rate Rd
t . The

optimization problem faced by deposit collection is to maximize the profits of deposit

funding by choosing Rd
t as

max
Rd

t (j)
Eo

∞∑︂
t=0

ΛP
0,t

[︄
RtDt(j) −Rd

t (j)D
P
t (j) − κd

2

(︃
Rd
t (j)

Rd
t−1(j)

− 1

)︃2

Rd
tDt

]︄

subject to demand for deposits from patient households as described in 2.2.4

DP
t (j) =

(︃
Rd
t (j)

Rd
t

)︃−ϵdt
Dt (2.16)
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and the wholesale deposit supply constraint,

Dt(j) = DP
t (j) (2.17)

The overall bank profit coming from these two branches of the bank is given by

J bt = RbH
t BH

t +RbE
t B

E
t −Rd

tDt −
κKB

2

(︃
Kb
t

Bt

− νb
)︃2

Kb
t − AdjBt (2.18)

where AdjBt is the sum of all adjustment costs incurred during the adjustment of the

retail loan and deposit rates.

2.2.6 Capital Producers

Capital producers buy depreciated physical capital (1 − δ)Kt−1 from the entrepreneurs

at a price Qk
t and final goods from the retailers at a price Pt in a perfectly competitive

market. Using these as input, they increase the stock of new physical capital and sell it

to the entrepreneurs at price Qk
t . Hence their optimization problem is given by,

max
Xt,It

E0

∞∑︂
t=0

ΛE
0,t

[︂
Qk
t∆X t − It

]︂
subject to

X t = X t−1 +

⎡⎣1 − κi
2

(︄
Itϵ

qk
t

It−1

− 1

)︄2
⎤⎦ It (2.19)

where ∆X t = Kt − (1 − δ)Kt−1 and Qk
t =

Qk
t

Pt
is the real price of capital.

2.2.7 Retailers

A representative retailer produces in a monopolistically competitive market where prices

are sticky, and it follows a pricing using Rotemberg (1982). They maximize the following

by choosing an optimal Pt(j) as

max
Pt(j)

E0

∞∑︂
t=0

ΛP
0,t

[︄
Pt(j)Yt(j) − PW

t Yt(j) −
κp
2

(︃
Pt(j)

Pt−1(j)
− π

ιp
t−1π

1−ιp
)︃2

PtYt

]︄

subject to the demand of the specific good j obtained from utilization maximization of a

household,

Yt(j) =

(︃
Pt(j)

Pt

)︃−ϵyt
Yt
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2.2.8 Central bank

The central bank has two monetary policy tools in this economy. It sets the policy interest

rate following

RCB
t = (RCB)1−ϕR(RCB

t−1)
ϕR

[︄(︃
Πt

π

)︃ϕπ (︃ Yt
Yt−1

)︃ϕy]︄1−ϕR
(1 + ϵrt ) (2.20)

It also sets the remuneration rate on the CBDC as

RDC
t = ϕdc,rR

CB
t (2.21)

where ϕdc,r is the parameter governing the markdown applied to the net policy rate set by

the central bank. Therefore, ϕdc,r = 0 is the unremunerated CDBC case as often discussed

by relevant policy makers (see ECB (2024a))

2.2.9 Aggregation

The total consumption for the economy is the weighted sum of the group consumption of

patient and impatient households and entrepreneurs.

Ct = γPC
P
t + γIC

I
t + γEC

E
t (2.22)

The supply of the housing services in the economy is considered fixed in the economy to

an exogenous level of H. Thus, the market-clearing condition in the housing market is

H = γPH
P
t + γIH

I
t (2.23)

The aggregate output of the economy is the following:

Yt = Ct +Qk
t (Kt − (1 − δk)Kt−1) + δKbK

b
t−1 + f(Mt) + ψ(Ut) + Yt

κp
2

(︂
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2
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t−1

− 1

)︃2

+BH
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2
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)︃2

+BE
t R

bE
t
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2
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RbE
t

RbE
t−1

− 1

)︃2

(2.24)

2.3 Calibration

I have mostly followed Gerali et al. (2010) and Burlon et al. (2024a) to calibrate my DSGE

model. The discount factor for patient households (βp) is set to 0.9943, matching the

annualized deposit interest rate typically observed for the Euro Area. The discount factors
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for impatient households (βi) and entrepreneurs (βe) are both set to 0.975, reflecting their

higher preference for present consumption. Bankers share the same discount factor as

patient households, with (βb) also set at 0.9943. Preferences are calibrated following

Gerali et al. (2010): The weight of housing in the utility function (jh) is 0.2, and the

inverse Frisch elasticity of labor supply (ϕ) is set to 1. The loan-to-value ratios are set

at 0.7 for impatient households (miss) and 0.35 for entrepreneurs (mess). The production

function assumes a capital share (α) of 0.25. Physical capital depreciates at a quarterly

rate of 2.5% (δk = 0.025). The labor income share for patient households (ni) is set at

0.8. Banking parameters are largely adopted from Gerali et al. (2010). The elasticity of

substitution between different types of deposits (εd) is calibrated at –1.46025. Therefore,

the steady-state spread between policy and deposit rates (R−Rd) is found to be 0.2650,

while the spread between lending rates and CBDC rates (R−RDC) depends on the CBDC

remuneration policy set by the central bank as a markdown on the policy rate. For loans,

the elasticity of substitution between loans to households (εbh) and loans to firms (εbe)

is set at 2.932806 for both categories. The bank capital-to-loans ratio (vi) is set at 0.09.

Additional financial frictions include habit formation, which is only active for impatient

households (ai = 0.867), while entrepreneurs (ae) and patient households (ap) have no

habit persistence.

Cash management costs are introduced via a small parameter (ψm = 0.02) based on

Burlon et al. (2024a), and the utility derived from holding liquid instruments (χssz ) is set

at 0.018. This value of χssz is calibrated to make sure that the cash-to-output ratio is

0.3443 (see Burlon et al. (2024b)). Monetary policy follows a Taylor rule specification:

the coefficient on inflation (ϕπ) is 2.00384, and the coefficient on output (ϕy) is 0.30324.

Steady-state inflation (πss) is normalized to 1, and the housing supply (h) is kept constant

at 1.

Wherever possible, parameter choices are guided by standard references, notably Gerali

et al. (2010) and Burlon et al. (2024a), to maintain consistency with established DSGE

modeling practices.

2.4 Results

2.4.1 Steady-State Comparison Across Policy Regimes

This section examines how the steady state of the economy changes once a CBDC is intro-

duced. The analysis highlights how different CBDC policy designs influence the long-run

allocation of liquidity between the private banking sector and the central bank. Because

the model incorporates a liquidity bundle in the household utility function, there is no an-

alytical closed-form solution for the steady state. Therefore, the steady state is computed
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numerically. In all policy cases, the preference parameter χz, which governs households’

valuation of liquidity services, is calibrated to 0.018. Given this calibration, the numerical

solver determines the steady-state values of four endogenous variables jointly: the deposit

interest rate, labor of the patient household, cash, and CBDC holdings or interest rate on

CBDC.

Two types of CBDC policy rules are considered. Under the interest rate rule, the CBDC

rate is linked to the policy rate according to:

rdc = ϕdc,r rib (2.25)

where ϕdc,r ∈ {0, 0.01, 0.1} determines the degree of pass-through from the policy rate to

the CBDC rate. Under the quantity rule, the central bank fixes the supply of CBDC as

a constant share of steady-state output:

dct = ϕdcye (2.26)

where ϕdc takes values {0.3443, 0.6886}. These regimes are compared with a benchmark

economy in which no CBDC is issued, that is, ϕdc = 0.

In the benchmark steady state without CBDC, households hold deposits and cash as the

only liquid assets. The deposit-to-output ratio equals 2.69, while the cash-to-output ratio

is 0.53, which is a bit higher than with evidence from advanced economies, where cash

holdings typically represent 20 to 40% of GDP. The total liquidity-to-output ratio equals

2.76, showing that deposits dominate liquidity provision. The steady-state CBDC inter-

est rate is negative at −0.24, and the spread relative to the policy rate is around 97.6

annualized percentage points. As holding CBDC becomes extremely costly, households

choose to hold only cash and deposits for liquidity purposes.

Introducing a CBDC under the interest rate rule changes the composition of liquidity in

household portfolios. When the CBDC is non-interest-bearing (that is, ϕdc,r = 0), the

equilibrium CBDC-to-output ratio reaches 0.58, while the cash-to-output ratio declines

to 0.34. Total liquidity increases to 3.63, reflecting an increase in the overall liquidity

demand driven by CBDC. As CBDC is introduced, households allocate a larger share of

liquidity to digital balances, substituting away from deposits while maintaining overall

liquidity close to its baseline level.

As the degree of interest rate pass-through rises, the role of CBDC becomes more promi-

nent. When ϕdc,r = 0.01, the CBDC-to-output ratio increases to 0.59, and when ϕdc,r =

0.1, it rises further to 0.73. These changes correspond to total liquidity-to-output ratios of

3.70 and 3.81, respectively. The higher CBDC return makes it a more attractive store of

value, inducing substitution from deposits to CBDC and a small decline in cash holdings.
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The CBDC share of total liquidity rises from 0.16 for ϕdc,r = 0 to 0.19 for ϕdc,r = 0.1. De-

spite these compositional changes, aggregate variables such as consumption, investment,

and real interest rates remain virtually unchanged, suggesting that the macroeconomic

impact is confined to balance-sheet reallocation rather than changes in overall activity.

Under the quantity rule, the steady-state outcomes depend on the target share ϕdc. For

the lower target, ϕdc = 0.3443, the CBDC-to-output ratio equals 0.34, roughly matching

cash holdings in the baseline economy. The total liquidity-to-output ratio rises to 3.34,

with a small decline in deposits. For the higher target, ϕdc = 0.6886 which is roughly

double the cash-to-output ratio, the spread of CBDC interest rate decreases to 1.9337

annualized percentage points, indicating a higher pass-through of the policy rate. This

makes CBDC a more attractive savings instrument with respect to cash. The cash-to-

output ratio falls slightly to 0.321, confirming that CBDC mainly substitutes for deposits

but also marginally reduces cash usage. Across both cases, the preference parameter χz

remains fixed at 0.018, implying that households’ valuation of liquidity services is stable

while the composition of liquidity adjusts endogenously to the CBDC policy stance.

The steady-state results also reveal clear evidence of crowding-out effects on both cash

and deposit holdings as the role of CBDC expands. Under the interest rate rule, increas-

ing the CBDC return relative to the policy rate leads to a gradual substitution away from

traditional liquid assets. When the CBDC rate increases from 0 to 0.01r, the cash-to-

output ratio declines by approximately 0.70%, and the deposit-to-output ratio falls by

about 0.06%. A further increase in the CBDC rate from 0.01r to 0.1r amplifies these ef-

fects, with cash holdings decreasing by an additional 7.00% and deposits falling by roughly

0.59%. These results indicate that households primarily substitute CBDC for cash, while

the impact on deposits remains modest.

A similar pattern is observed under the quantity rule, where higher CBDC issuance tar-

gets generate stronger crowding-out effects. When the CBDC-to-output target rises from

0 to 0.3443, the cash-to-output ratio drops by around 25.73%, and the deposit-to-output

ratio decreases by 3.22%. Further increasing the target from 0.3443 to 0.6886 causes cash

holdings to fall by another 17.92% and deposits by 1.77%. These results suggest that an

expansion of CBDC supply substantially reduces the demand for both cash and deposits,

with the effect being much more pronounced for cash. Overall, the findings confirm that

CBDC acts as a close substitute for other liquid assets, particularly currency in circu-

lation, leading to a rebalancing of the household liquidity portfolio as digital balances

become more prominent in equilibrium.

A marginal policy experiment helps to highlight the different ways in which the two CBDC

regimes affect traditional forms of liquidity, whose results are reported in table 2.1. Un-

der the interest rate rule, a 1% increase in the policy parameter ϕdc,r leads to only minor
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adjustments in household portfolios: the cash-to-output ratio falls by around 0.007%, and

the deposit-to-output ratio declines by roughly 0.0006%. By contrast, when the CBDC

supply parameter ϕdc rises by 1% under the quantity rule, cash holdings drop by about

0.217% and deposits by 0.0207%. This comparison shows that the quantity-based CBDC

policy exerts a much stronger crowding-out effect on cash and deposits than the interest

rate rule. The reason is that an expansion in the quantity of CBDC directly replaces

existing liquid assets in household portfolios, while an increase in the CBDC rate mainly

affects portfolio allocation through relative returns rather than through the total stock of

liquidity.

The effects of CBDC policy on the long-run allocation of liquidity are contractionary in

our calibration and operate primarily through portfolio rebalancing and bank disinterme-

diation. Figure 2.1a varies the CBDC quantity target ϕdc and shows that a larger CBDC

share leads households to substitute away from cash and deposits toward CBDC balances.

Accordingly, the cash-to-output ratio declines monotonically, the deposit-to-output ratio

falls, and the CBDC-to-output ratio rises. On the price side, the policy rate rib and loan

rates rbh and rbe increase with ϕdc, while the spread between the policy rate and the CBDC

rate, rib− rDC , collapses from very high values toward near-zero as CBDC becomes more

prevalent and closer in remuneration to other liquid assets. At the same time, the inter-

bank deposit spread rib − rd widens, consistent with weaker deposit demand and lower

deposit remuneration in equilibrium. These balance-sheet and price adjustments reduce

the scale of bank intermediation: bank capital Kb contracts and household and firm bond

positions (BH and BE) edge down, and the stock of bank credit D shrinks. With less

external finance available to firms and a higher user cost of capital, investment falls and

aggregate output and consumption decline. Although the direction of changes for values

for the variables in steady state do not change much, there is a clear effect of decreasing

deposit elasticity on the magnitude of values. As deposits become more elastic, i.e., for

higher values of ϵd, the level of output, consumption, and loans are higher. This implies

that although reducing the monopoly power of the bank does not change the behavior

of the model as found in Andolfatto (2020), higher CBDC levels are found to have a

lower impact on the level of values of output, consumption, and investment. Figure 2.1b

varies the pass-through parameter ϕdc,r in the interest-rate rule for CBDC. Raising ϕdc,r

increases the return on CBDC relative to deposits, reinforcing its attractiveness as a near-

deposit substitute. As a result, CBDC balances rise, while both cash and deposits fall,

and bank capital and total lending decline. Loan and policy rates move up with ϕdc,r,

the interbank–deposit spread rib − rd widens, and—importantly—the interbank–CBDC

spread rib− rDC narrows as CBDC remuneration more closely tracks the policy rate. The

macroeconomic consequences are again contractionary but quantitatively more muted
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Table 2.1: Marginal policy exercise: 1% increase in the CBDC policy parameter and
steady-state effects on cash and deposits

Cash-to-output Deposit-to-output

Policy change Baseline +1% %∆ Baseline +1% %∆

Interest rate rule:
increase ϕdc,r by 1%

0.33849383 0.33846969 −0.007131 2.56664293 2.56662754 −0.0006

Quantity rule:
increase ϕdc by 1%

0.39113214 0.39028144 −0.2175 2.60007991 2.59954063 −0.02074

Notes: The baseline case for interest rate policy is ϕdc,r = 0.01 and for quantity rule is ϕdc = 0.3443

Table 2.2: Steady-state solution across CBDC policy regimes (levels)

Policy regime rdss Ipss mss dcss rdcss

Interest rate rule: rdc = 0 0.003050 0.762206 0.452082 0.765831 —

Interest rate rule: rdc = 0.01r 0.003057 0.762166 0.448875 0.782643 —

Interest rate rule: rdc = 0.1r 0.003132 0.761736 0.417108 0.961044 —

No CBDC: ϕdc = 0 0.002515 0.764004 0.701564 — −0.239819

Quantity rule: ϕdc = 0.3443 0.002898 0.762945 0.519525 — −0.001291

Quantity rule: ϕdc = 2× 0.3443 0.003112 0.761853 0.425352 — 0.000410

Notes: mss denotes steady-state cash, dcss denotes steady-state CBDC balances when the CBDC
quantity is endogenous (interest rate rule), and rdcss is the CBDC interest rate when quantity is set
exogenously (no-CBDC counterfactual and quantity rules). Dashes indicate not applicable.

than under the quantity rule: investment, consumption, and output drift down as fund-

ing conditions tighten, yet the changes remain small because the size of the CBDC balance

sheet is not forced to expand; only its relative return improves. Overall, both figures make

clear that the long-run impact of CBDC works mainly through a reallocation of liquid-

ity away from deposits and cash, with adverse effects on bank intermediation and real

activity; the quantity-based design generates the stronger crowding-out and the larger

steady-state output loss.

Overall, the steady-state results show that introducing a CBDC mainly redistributes

liquidity across instruments rather than altering macroeconomic aggregates. The CBDC

acts as a substitute for deposits, modestly increasing the size of the central bank’s balance

sheet while leaving real activity and prices broadly unaffected. The equilibrium CBDC-

to-output ratio varies between 0.3 and 0.7 across policy regimes, comparable to empirical

magnitudes of cash holdings in advanced economies. The limited macroeconomic effect

reflects an offsetting mechanism: while CBDC issuance reduces deposit funding for banks,

the expansion of the central bank’s balance sheet enhances the supply of overall liquidity.

These steady-state results provide the foundation for understanding the transition dy-

namics discussed later, as the economy moves between long-run equilibria characterized

by different liquidity compositions but similar macroeconomic fundamentals.



A Macroeconomic Model of Central Bank Digital Currency 34

(a) Steady state values of few selected variables and interest rate spreads
(expressed as annual percentage points) as a function of ϕdc i.e. CBDC-
to-output ratio

(b) Steady state values of few selected variables and interest rate spreads
(expressed as annual percentage points) as a function of ϕdc,r i.e. CBDC
interest rate as a markdown to policy rate

Figure 2.1: Increasing CBDC supply either with interest rate policy or quantity policy
has a contractionary effect on the economy for varying degrees of deposit elasticity.
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Table 2.3: Computed steady-state ratios across CBDC policy regimes

Ratio / Variable Interest
rate rule:
rdc = 0

Interest
rate rule:
rdc = 0.01r

Interest
rate rule:
rdc = 0.1r

No CBDC:
ϕdc = 0

Quantity
rule:

ϕdc = 0.3443

Quantity
rule: ϕdc =
2× 0.3443

(Re −R)× 400 1.0634 1.0660 1.0920 0.8770 1.0104 1.0852

(R−RDC)× 400 2.0554 2.0398 1.8996 97.6228 2.4692 1.9337

(R−Rd)× 400 0.8354 0.8375 0.8579 0.6890 0.7938 0.8526

CP /Y 0.6885 0.6886 0.6894 0.6853 0.6872 0.6892

CI/Y 0.1153 0.1153 0.1152 0.1163 0.1156 0.1152

DC/Y 0.5775 0.5902 0.7253 0.0000 0.3443 0.6886

M/Y 0.3409 0.3385 0.3148 0.5266 0.3911 0.3210

D/Y 2.5682 2.5666 2.5515 2.6865 2.6001 2.5554

Z/Y 3.6348 3.6502 3.8111 2.7577 3.3419 3.7678

I/Y 0.1168 0.1168 0.1166 0.1180 0.1171 0.1166

Notes: All interest rate spreads are in annualized percentage points. Ratios are expressed relative
to steady-state output Y . Values are obtained from the model’s numerical steady state and rounded
to four decimals. The table reports liquidity and consumption ratios across alternative CBDC policy
configurations.

2.4.2 Effect of introducing CBDC

This section presents the dynamic responses of the economy to various structural shocks

under two regimes: one with a CBDC and one without. The solid blue lines represent the

CBDC regime with zero remuneration, while the dashed red lines depict the no-CBDC,

i.e., ϕdc = 0

A positive technology shock raises productivity, which leads to expansions in output,

consumption, and investment in both regimes. However, these responses are not very

pronounced in the absence of CBDC, as shown in Figure 2.2. In the no-CBDC regime,

output peaks at around 0.5% above the steady state in both cases. Similarly, investment

rises by over 0.4% with CBDC and without it. There are small differences in the response

of the banking variables due to the difference of the deposit spread. We see that in the

case of no CBDC, the deposit spread is a little lower than the CBDC case at the peak

response, allowing banks to provide more loans and lower interest rates. This causes firms

to produce little more in the absence of CBDC. As deposits rise in both cases, cash and

CBDC demand increase as well since the CES aggregate function makes the demand for

these two non-separable. Despite that, a clear substitution effect can be seen between cash

and CBDC; the cash demand is lower by about 2.5 percentage points at peak when there

is CBDC in contrast to when there is none. Although the CBDC earns a zero interest rate

as cash, the storage cost of cash causes the lower demand of cash whenever there is CBDC.
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Figure 2.2: Response of various liquidity instruments and macroeconomic variables to
TFP shock under two economies: (1) economy without CBDC (red lines) i.e ϕdc = 0
and (2) economy with CBDC (blue lines) but no remuneration, i.e. RDC

t = 0. Impulse
response functions are percentage deviations from steady state.

Since rising asset values ease borrowing constraints, a positive TFP shock typically

activates the collateral channel in models with financial frictions Gerali et al. (2010).

However, when a CBDC is present, part of the bank-based credit expansion is crowded

out, weakening the strength of the collateral channel. Additionally, the debt-deflation

channel, which normally hinders expansion by increasing the real burden of debt during

deflationary periods, is slightly less pronounced because the nominal response is smoother

under the CBDC regime. Importantly, by reducing bank profits and narrowing spreads,

CBDC also limits bank capital accumulation. This, in turn, lowers future credit avail-

ability and further reinforces financial disintermediation dynamics.

A contractionary monetary policy shock, i.e., a surprise increase in the nominal policy

rate by roughly 50 basis points, generates the expected declines in output, investment,

and consumption. In the no-CBDC regime, output falls by around 0.25%, while in the

CBDC regime, the decline is marginally higher. Investment contracts are up over 3%

in both cases, but recovery is slower in the case of CBDC, taking about 4 quarters, as
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illustrated in Figure 2.3.

Figure 2.3: Response of various liquidity instruments and macroeconomic variables to
contractionary monetary policy shock under two economies: (1) economy without CBDC
(red lines) i.e ϕdc = 0 and (2) economy with CBDC (blue lines) but no remuneration, i.e.
RDC
t = 0. Impulse response functions are percentage deviation from steady state.

The introduction of a CBDC modifies the functioning of the traditional bank lending

channel, following the framework developed in Gerali et al. (2010). In their model, an

increase in the policy rate causes lending rates to rise, asset and collateral values to fall,

and the volume of loans to contract. However, with a CBDC in place, households and

firms have access to an alternative source of liquidity, making them more sensitive to

increases in deposit rates. As Gerali et al. (2010) also demonstrates, this initially leads

to a rise in intermediation spreads and an increase in bank profits. Over time, however,

as both loan demand and deposit volumes decrease, banks accumulate less capital. This

dynamic gradually strains bank balance sheets, weakens the transmission of monetary

policy through interest rate changes, and ultimately helps to moderate the severity of the

real economic contraction.

A positive shock to deposit elasticity, essentially a reduction in the deposit market power
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of retail banks, leads to a more severe drop in deposits for banks (about 0.55%) in the

presence of CBDC than in the absence of it (in the absence of CBDC deposit declines

about 0.45%). Hence, the bank’s capital is contracted even more under the CBDC case.

Banks increase their lending rates to make up for the loss of deposits in order to maintain

similar profit margins. The real sector cannot afford such an increase in interest rates.

This causes a sharper decline in mortgage loans (by about 1.2%, whereas in a no-CBDC

world, declines in mortgage loans are smaller).

Figure 2.4: Response of various liquidity instruments and macroeconomic variables to
deposit elasticity shock under two economies: (1) economy without CBDC (red lines) i.e
ϕdc = 0 and (2) economy with CBDC (blue lines) but no remuneration, i.e. RDC

t = 0.
Impulse response functions are percentage deviations from steady state.

Therefore, the introduction of CBDC reduces the net interest margins of the banks

even more during a crucial time when they are at a loss of market power. Therefore,

the timing of CBDC introduction could be a deciding factor of financial stability. If the

central bank decides to introduce CBDC during a period when the financial market is

fragile, this might cause failures of banks and increase the risk of a recession. Thus, when

a household has an additional payment instrument directly competing with bank deposits,
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it makes the transmission mechanism mentioned in Drechsler et al. (2017) much stronger.

The spreads of private intermediation are effectively capped by the presence of a public

digital currency, introducing a new friction in the transmission of money.

An increase in the elasticity of substitution between intermediate goods reduces firm-level

market power, which in turn lowers both prices and marginal costs. As a consequence, out-

put experiences a temporary rise, and aggregate supply expands and inflation declines—a

textbook cost-push shock. As shown in Figure 2.5, the responses of output, consump-

tion, inflation, and the policy rate are essentially the same with or without CBDC. Any

differences that do appear are extremely small and not persistent.

.

Figure 2.5: Response of various liquidity instruments and macroeconomic variables to
intermediate goods elasticity shock under two economies: (1) economy without CBDC
(red lines) i.e ϕdc = 0 and (2) economy with CBDC (blue lines) but no remuneration, i.e.
RDC
t = 0. Impulse response functions are percentage deviations from steady state.

Where CBDC does still matter is in balance sheet composition. Deposits and cash

shift somewhat more in the CBDC economy, with a modest partial substitution toward

CBDC holdings. However, this portfolio reshuffling remains largely on the financial side;

it does not propagate into materially different real activity, price dynamics, or lending
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rates after a cost-push disturbance. Under a cost-push shock of this type, CBDC does not

materially change the macro transmission mechanism of the shock. The economy with

CBDC converges back to steady state on almost the exact same path as the economy

without CBDC.

By providing a risk-free and seamless alternative to bank deposits, CBDC improves liq-

uidity management for both households and firms; however, this enhancement comes with

trade-offs, including a reduction in bank intermediation and, in some cases, lower levels of

credit creation. The mechanism behind the portfolio reshuffling is directly linked to the

CES liquidity aggregator in Eq (2.2): because deposits, cash, and CBDC jointly provide

liquidity services, households optimally adjust all three assets in the same direction when-

ever aggregate liquidity demand changes. The relative magnitude of these adjustments

reflects their cost structure. Although CBDC and cash both earn zero nominal returns,

cash is costly to store, whereas CBDC is not. Consequently, CBDC becomes the intensive

margin instrument within the liquidity bundle, absorbing most of the marginal adjust-

ment, while deposits and cash move in parallel but to a smaller extent. In this sense,

CBDC reshapes the composition of household liquid portfolios without mechanically al-

tering the sign of movements in aggregate liquidity variables. While this brings certain

stabilizing advantages, these benefits must still be weighed against the potential risks

of weakening the resilience of the financial sector and undermining traditional monetary

transmission channels.

2.4.3 CBDC remuneration policies

In this policy exercise, I aim to understand how different remuneration schemes for CBDC

impact the economy. Recent updates from the digital euro team indicate that the ECB

does not intend to remunerate CBDC. This decision is driven by a desire to prevent

CBDC from becoming a store of value, which would otherwise lead to large interest pay-

ment obligations. Nevertheless, it remains interesting to explore how macroeconomic

variables respond under two different scenarios: one where CBDC is not remunerated and

another where it is remunerated. In this analysis, I consider 3 cases for a remuneration

plan for CBDC i.e. ϕdc,r = {0, 0.05, 0.1}. When the CBDC carries a zero interest rate,

the opportunity cost of holding it with respect to deposit becomes comparable to cash.

While cash in the economy is also not remunerated, its physical storage cost makes it less

attractive than CBDC, which has no such cost3. As a central bank reduces the mark-

down, i.e, higher value of ϕdc,r, CBDC becomes similar to a deposit. Thus in the face of

a contractionary monetary policy shock, the income effect kicks in and the patient house-

3 Storage cost may arise due to several risks associated with holding cash. For more details, see Burlon
et al. (2024a)
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hold reduces its demand for liquidity as illustrated in figure 2.6 The qualitative behavior

Figure 2.6: Response of various liquidity instruments and macroeconomic variables to a
contractionary monetary policy shock under 3 cases for a remuneration plan for CBDC i.e.
ϕdc,r = {0, 0.05, 0.1}. Impulse response functions are percentage deviations from steady
state.

of these responses mirrors the mechanisms discussed in Gerali et al. (2010), but the in-

troduction of CBDC changes the quantitative outcomes. As the CBDC spread increases

most when it is unremunerated, the opportunity cost of holding CBDC increases signifi-

cantly. The initial drop in demand for CBDC is almost similar to that of cash. When the

interest rate markdown for CBDC decreases, policy rate pass-through increases. There-

fore, households lower their demand for CBDC by a lesser amount. As a result, the

effect on the output is lower when the CBDC is remunerated. When the central bank

is increasing the policy rate to lower the inflation, the effect on output is lower in the

presence of CBDC and the central bank faces a lower output-inflation trade-off. Since in

our model the representative bank holds monopoly power over the deposit market, we can

transparently study how different CBDC remuneration regimes erode (or accelerate the

erosion of) this monopoly position. Because the strength of the transmission mechanism
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Figure 2.7: Response of various liquidity instruments and macroeconomic variables to
a deposit elasticity shock under 3 cases for a remuneration plan for CBDC i.e. ϕdc,r =
{0, 0.05, 0.1}. Impulse response functions are percentage deviations from steady state.

inside the financial system crucially depends on this bank market power, it is therefore

economically meaningful to ask whether CBDC mechanically alters this channel itself,

beyond pure substitution of balance sheet instruments.

In Figure 2.7 we plot the general equilibrium responses of the relevant liquidity instru-

ments and macroeconomic aggregates to a positive shock to deposit elasticity under three

separate CBDC remuneration regimes, ϕdc,r = {0, 0.05, 0.1}. Higher deposit elasticity

here is interpreted as a gradual loss of monopoly power of the bank (this can be thought

of as increasing contestability or increasing ease of substitution on the household side

across liquidity technologies).

As deposit elasticity rises, deposits flow out of the bank in materially large volume. This

reduction in deposits decreases the bank’s internal liquidity demand. Consequently, both

cash holdings and deposits decline. When the CBDC interest rate is zero, households do

not view CBDC as a return-bearing asset; therefore, the quantitative response of CBDC

in equilibrium is extremely close to the response of cash. In contrast, when the CBDC
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pays interest, the CBDC spread barely declines, while the deposit spread compresses no-

ticeably more. Because of this wedge, the household optimally reduces CBDC holdings

more aggressively relative to both cash and deposits.

This produces a very clear crowding-out channel: deposits contract substantially more in

states of the world where CBDC is remunerated. Output and consumption also decline

much more strongly in the positive interest CBDC regime (e.g., visually: the red paths)

than in the zero remuneration case. The mortgage/housing loan channel makes this even

more transparent: mortgage credit falls about 1.5% when CBDC earns interest, versus

roughly 1.2% when CBDC is non-remunerated. Firm loan credit increases somewhat,

but this increase is mechanically insufficient to offset the decline in housing credit. As a

result, there is an unambiguous contraction of the bank’s overall loan portfolio, and the

contraction is strictly worse at the peak when CBDC is remunerated.

2.4.4 CBDC Implementation Strategies: Interest Rate vs. Quan-

tity Rule

This section evaluates the macroeconomic and financial responses to various structural

shocks under two distinct CBDC implementation regimes: one in which the central bank

sets the interest rate on the CBDC (interest rate rule), and another in which it pegs the

quantity of CBDC (quantity rule) as a constant share of output. When implementing an

interest rate rule, the central bank marks down its policy rate as follows:

RDC
t = ϕdc,rRt (2.27)

where ϕdc,r is the policy parameter that controls the markdown to the policy rate. The

supply rule of the CBDC is as follows:

DCt = ϕdcYt (2.28)

Therefore, the supply of CBDC is pro-cyclical. I consider it ϕdc,r to be 0.1 and ϕdc to be

equal to cash-to-output ratio, i.e., 0.3443, following Burlon et al. (2024b)

A positive TFP shock (Figure 2.8), under both rules, produces the expected expansions

in output, consumption, and investment. However, the quantity rule amplifies the real

responses significantly more. Output rises by over 0.45% compared to 0.4% under the

interest rate rule, and investment increases by nearly 0.5% versus 0.4%. This stronger

expansion is fueled by the pro-cyclical quantity of CBDC, which leads to a larger fall in

its opportunity cost, stimulating spending and credit. As the effect of a positive TFP

shock is more direct on CBDC and increases its supply, the overall consumption of all
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Figure 2.8: Response of various liquidity instruments and macroeconomic variables to
shock to TFP under two different CBDC policy rules, i.e., (1) CBDC supply rule (red
lines) and (2) CBDC interest rate (blue lines). Impulse response functions are percentage
deviations from steady state.

payment instruments increases. This causes even the deposit to increase; the bank has

more funding available to lend to firms and households. Thus, a quantity rule is more

favorable for banks than an interest rate rule. One interesting factor to note here is that

the response of cash and CBDC is similar under the interest rate since the opportunity

cost of holding both becomes negative as the policy rate declines. Under the CBDC

quantity rule, a lower interest rate on CBDC is needed to discourage patient households

from holding a higher than the ϕdc share. Thus the CBDC response quickly reverts back

to the steady-state value in about 8 quarters.

A positive deposit elasticity shock, implying a decline in market power in the deposit

market, leads to an overall recessionary effect in the economy, although the decline in

output and consumption is much larger under an interest rate rule than a quantity rule.

When the deposit market becomes more elastic, households become more sensitive to

changes in the deposit interest rate, as seen in Figure 2.9.
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Under the interest rate rule, the decline in the CBDC on the impact of the shock is almost

double that of the cash. This is due to the response of the policy rate. As the policy

rate declines more, the return of the CBDC is affected more, making it a less attractive

savings instrument. Under the quantity rule of the CBDC, the decline in deposit is

smaller, making it easier for banks to supply loans to firms. Hence, the quantity rule is

less contractionary when banks lose their monopoly power over the deposit market and

deposits are crowded out by other liquidity instruments.

Figure 2.9: Response of various liquidity instruments and macroeconomic variables to de-
posit elasticity shock for two different CBDC policy rules, i.e., (1) CBDC supply rule (red
lines) and (2) CBDC interest rate (blue lines). Impulse response functions are percentage
deviations from steady state.

A contractionary monetary policy shock (Figure 2.10) leads to the expected slowdown

in real activity under both CBDC implementation strategies, but the size and timing of the

responses differ clearly across the two regimes. When the central bank follows an interest

rate rule, output declines by around 0.23% on impact. Under the quantity rule, the drop

is slightly larger, close to 0.28%, as procyclical CBDC supply makes the contraction more

pronounced. Consumption and investment follow a similar pattern: consumption falls
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by roughly 0.22% in the interest rate regime and 0.26% under the quantity rule, while

investment contracts by about 0.20% and 0.30%, respectively. Although inflation falls by

around 0.12 percentage points in both cases, the responses in credit markets show much

larger differences. Loan rates rise more strongly under the quantity rule (up to 18 basis

points) compared to the interest rate rule (15 basis points), and firm credit contracts

by about 6% instead of 4%. Housing loans also shrink more under the quantity rule,

by roughly 5% versus 3%. Because CBDC supply increases less in downturns under the

quantity rule, households reduce their CBDC holdings more sharply, leading to a decline

of about 12%, compared with an 8% reduction under the interest rate rule. Deposits fall

by 2.4% in the quantity regime and by 1.8% under the interest rate rule, which places

additional pressure on banks’ balance sheets and reinforces the contraction in lending.

Bank capital also reacts more strongly under the quantity rule, showing a pronounced

hump that peaks around 0.55%, whereas the interest rate rule generates only a small and

brief decline. These results indicate that the quantity rule significantly strengthens the

real and financial effects of monetary tightening by amplifying liquidity fluctuations and

deepening the transmission of policy shocks through household balance sheets and bank

credit channels.

A positive shock to the elasticity of substitution across intermediate goods (Fig-

ure 2.11) increases price flexibility and reduces firms’ markups, which boosts real activity

in the short run, but the size of the expansion varies across the two CBDC regimes. Out-

put and consumption rise under both rules, peaking at roughly 0.33% and 0.34% under

the interest rate rule and about 0.38% and 0.40% under the quantity rule, respectively,

while investment expands more moderately in 10 quarters by 0.28% under the interest rate

rule, yet reaches nearly 0.38% under the quantity rule as the pro-cyclical CBDC supply

provides additional liquidity. Inflation falls sharply on impact, by about 0.4 percentage

points, prompting a policy rate decline of around 0.70%, and loan rates also drop, with the

quantity rule generating a larger reduction of nearly 50 basis points compared to roughly

30 basis points under the interest rate rule. These monetary and credit conditions trans-

late into stronger lending responses in the quantity regime, where housing loans rise by

close to 8% in cases for both rules and firm loans by about 0.3% under the quantity rule

and 0.20% under the interest rate rule. The behavior of bank capital, however, diverges

sharply: it rises slightly under the interest rate rule before easing but falls more than

1.5% under the quantity rule, reflecting the greater balance-sheet pressure created when

CBDC supply expands with output. The magnitude of responses of monetary aggregates

are also higher in the quantity regime, with deposits increasing by about 3.5% relative

to 3% under the interest rate rule, and cash holdings rising by 32% against 28%. CBDC

balances show the most notable difference, jumping roughly 20% under the interest rate
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Figure 2.10: Response of various liquidity instruments and macroeconomic variables to
a contractionary monetary policy shock under two different CBDC policy rules, i.e., (1)
CBDC supply rule (red lines) and (2) CBDC interest rate (blue lines). Impulse response
functions are percentage deviations from steady state.

rule but only about 10% under the quantity rule, since the pro-cyclical supply rule miti-

gates the movement in CBDC demand. The intermediate goods elasticity shock produces

a stronger real and financial expansion under the CBDC supply rule, as the resulting liq-

uidity channel amplifies the impact of lower markups on credit, household balance sheets,

and investment.

2.5 Conclusion

This paper highlights the significant macro-financial implications of introducing a CBDC

within a standard DSGE framework augmented for banking frictions. The quantita-

tive analysis reveals that CBDC issuance alters the transmission of traditional structural

shocks, particularly by crowding out bank deposits, compressing intermediation spreads,

and weakening the collateral channel of credit expansion. Notably, across a range of
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Figure 2.11: Response of various liquidity instruments and macroeconomic variables to
shock to intermediate goods elasticity under two different CBDC policy rules, i.e., (1)
CBDC supply rule (red lines) and (2) CBDC interest rate (blue lines). Impulse response
functions are percentage deviations from steady state.

shocks, macroeconomic volatility is generally reduced when CBDC is properly remuner-

ated, but the resilience of the banking sector deteriorates. For instance, under positive

technology shocks, the peak output gain was 0.2 percentage points lower in the CBDC

regime, while monetary tightening caused output to fall 0.1 percentage points less when

CBDC was present, reflecting muted financial amplification. Further, the design choice

between remunerated and non-remunerated CBDC matters critically: a zero-rate CBDC

exacerbates downturns by accelerating deposit outflows and eroding bank capital, whereas

a positively remunerated CBDC cushions monetary contractions by retaining liquidity

within the system.

Policy-wise, the findings underscore that CBDC introduction must be accompanied by

careful calibration of remuneration mechanisms. The simulation evidence shows that

remunerated CBDC mitigates macro-financial instability by preserving the traditional

monetary policy transmission channels and alleviating the erosion of banks’ deposit bases.
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Moreover, the timing of CBDC deployment emerges as crucial. Introducing CBDC during

periods of banking sector fragility—such as heightened deposit competition or weakened

capital positions—could amplify financial vulnerabilities and risk systemic crises. The

analysis of CBDC design choices (cash similarity, quantity vs. interest rate rules) sug-

gests that allowing greater flexibility through interest rate targeting provides superior

macroeconomic stabilization compared to a rigid quantity rule, especially under mone-

tary shocks.

The role of household heterogeneity in liquidity preference, explored through a two-type

model extension, further reveals that the degree of CBDC uptake and its macroeco-

nomic consequences can vary substantially across populations 4. When a large fraction of

households highly value liquidity, CBDC usage rises sharply, compressing deposit demand

and bank profitability, a dynamic not captured by representative agent models. Thus,

incorporating realistic household portfolio behavior into CBDC policy assessments is in-

dispensable.

These results invite several promising avenues for future research. First, future models

could integrate endogenous banking crises and default risk, allowing for a richer char-

acterization of financial stability trade-offs. Second, extending the framework to open

economy settings would help evaluate how CBDC affects cross-border capital flows and

exchange rate dynamics. We leave them to be explored in our future research projects.

Overall, while CBDC offers potential gains in monetary control and price stability, pol-

icymakers must recognize the trade-offs with banking sector health and design dynamic

implementation strategies that safeguard financial intermediation and systemic stability.

4 See appendix 2.E for the detailed explanation of the phenomenon
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Appendices

2.A Calibrated Parameters

Table 2.4: Relevant model parameters

Parameter Value Description

βp 0.9943 Discount factor, patient households Gerali et al. (2010)

βi 0.975 Discount factor, impatient households Gerali et al. (2010)

βb 0.9943 Discount factor, bankers Gerali et al. (2010)

βe 0.975 Discount factor, entrepreneurs Gerali et al. (2010)

jh 0.2 Weight of housing in utility Gerali et al. (2010)

ϕ 1.0 Inverse Frisch elasticity of labor Gerali et al. (2010)

miss 0.7 Loan-to-value ratio, impatient households Gerali et al. (2010)

mess 0.35 Loan-to-value ratio, entrepreneurs Gerali et al. (2010)

α 0.25 Capital share in production Gerali et al. (2010)

ϵd −1.46025 Elasticity of substitution of deposits Gerali et al. (2010)

ϵbh 2.932806 Elasticity of substitution, loans to households Gerali et al. (2010)

ϵbe 2.932806 Elasticity of substitution, loans to firms Gerali et al. (2010)

ϵyss 6 Output elasticity Gerali et al. (2010)

ϵlss 5 Labor elasticity Gerali et al. (2010)

ni 0.8 Wage share of patient households Gerali et al. (2010)

δk 0.025 Depreciation rate of physical capital Gerali et al. (2010)

πss 1 Steady-state inflation

h 1 Housing supply

vi 0.09 Banking capital ratio over loans Gerali et al. (2010)

ai 0.867 Habit formation, impatient households Gerali et al. (2010)

ae 0.0 Habit formation, entrepreneurs

ap 0.0 Habit formation, patient households

ωd 0.9 Deposit weight in liquid instrument bundle

Continued on next page
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Parameter Value Description

ψm 0.02 Cash storage cost parameter Burlon et al. (2024a)

χssz 0.018 Liquid instrument utility parameter Burlon et al. (2024a)

ηssz 3.58 Elasticity of substitution of

cash, CBDC, and deposit Burlon et al. (2024a)

ϕπ 2.00384 Coefficient of inflation in Taylor rule Gerali et al. (2010)

ϕy 0.30324 Coefficient of output in Taylor rule Gerali et al. (2010)

Table 2.5: Relevant parameters for shock processes. All values are set following Gerali
et al. (2010)

Parameter Value Description
ρeez 0.386 Persistence of entrepreneur productivity shock
ρAe 0.938 Persistence of entrepreneur productivity
ρeej 0.922 Persistence of investment-specific technology
ρme 0.901 Persistence of mortgage rate shock (entrepreneurs)
ρmi 0.922 Persistence of mortgage rate shock (impatient households)
ρmkd 0.893 Persistence of deposit markup
ρmkbh 0.851 Persistence of household loan markup
ρmkbe 0.874 Persistence of firm loan markup
ρeeqk 0.572 Persistence of investment adjustment shock
ρεy 0.294 Persistence of output shock
ρεl 0.596 Persistence of labor shock
ρεKb

0.813 Persistence of bank capital shock
κp 33.771 Price adjustment cost
κw 107.352 Wage adjustment cost
κi 10.031 Investment adjustment cost
κd 2.775 Deposit adjustment cost
κbe 7.980 Loan adjustment cost (firms)
κbh 9.044 Loan adjustment cost (households)
κkb 8.915 Bank capital adjustment cost
ϕπ 2.004 Taylor rule inflation response
ρib 0.750 Interest rate smoothing
ιp 0.158 Price indexation
ιw 0.300 Wage indexation

2.B Full model equations

Patient household:
(1 − aP )ϵzt
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t−1

= ΛP
t (2.29)
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Impatient household:
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Capital Producer:
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⎤⎦ It (2.44)

1 = Qk
t

⎡⎣1 − κi
2

(︄
Itϵ

qk
t

It−1

− 1

)︄2

− ϵqkt
It
It−1

κi

(︄
Itϵ

qk
t

It−1

− 1

)︄⎤⎦
+ κiβEEtϵqkt+1

ΛE
t+1

ΛE
t

Qk
t+1

(︄
It+1ϵ

qk
t

It
− 1

)︄(︃
It+1

It

)︃2

(2.45)

Entrepreneur:

(1 − aE)ϵzt
CE
t − aECE

t−1

= ΛE
t (2.46)

(1 − δk)Πt+1Q
k
t+1s

E
t m

E
t + βEΛE

t+1

[︁
(1 − δk)Q

k
t+1 +Rk

t+1Ut+1 − ψ(Ut+1)
]︁

= Qk
tΛ

E
t (2.47)

W P
t =

µ(1 − α)

LE,Pt

Y E
t

Xt

(2.48)

W I
t =

(1 − µ)(1 − α)

LE,It

Y E
t

Xt

(2.49)

ΛE
t = βEEt

ΛI
t+1(1 +RbE

t )

Πt+1

+ sEt (1 +RbE
t ) (2.50)

Rk
t = ψ1 + ψ2(Ut − 1) (2.51)
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CE
t +W P

t L
E,P
t +W I

t L
E,I
t + (1 +RbE

t−1)
BE
t−1

Πt

+Qk
tK

E
t + ψ(Ut)K

E
t−1 =

Y E
t

Xt

+BE
t +Qk

t (1 − δ)KE
t−1

Y E
t = AEt

[︁
KE
t−1Ut

]︁α (︁
LEt
)︁1−α

(2.52)

(1 +RbE
t )BE

t = (1 − δk)K
E
t m

E
t EtΠt+1Q

k
t+1 (2.53)

Rk
t =

(︂
[LE,Pt ]µ[LE,It ]1−µ

)︂1−α
αAEt U

α−1
t (KE

t−1)
α−1/Xt (2.54)

Bank:

RB
t = Rt − κKb

(︃
KB
t

Bt

− νi

)︃(︃
KB
t

Bt

)︃2

(2.55)

ΠtK
B
t = (1 − δKb)K

B
t−1 + JBt−1 (2.56)

BE
t +BH

t = KB
t +DB

t (2.57)

1−ϵbHt +ϵbHt
RB
t

RbH
t

−κbH
(︃
RbH
t

RbH
t−1

− 1

)︃
RbH
t

RbH
t−1

+βPEt

[︄
ΛP
t+1

ΛP
t

κbH

(︃
RbH
t+1

RbH
t

− 1

)︃(︃
RbH
t+1

RbH
t

)︃2
BH
t+1

BH
t

]︄
= 0

(2.58)

1−ϵbEt +ϵbEt
RB
t

RbE
t

−κbE
(︃
RbE
t

RbE
t−1

− 1

)︃
RbE
t

RbE
t−1

+βPEt

[︄
ΛP
t+1

ΛP
t

κbE

(︃
RbE
t+1

RbE
t

− 1

)︃(︃
RbE
t+1

RbE
t

)︃2
BE
t+1

BE
t

]︄
= 0

(2.59)

−1+ϵDt −ϵDt
Rt

RD
t

−κD
(︃
RD
t

RD
t−1

− 1

)︃
RD
t

RD
t−1

+βPEt

[︄
ΛP
t+1

ΛP
t

κD

(︃
RD
t+1

RD
t

− 1

)︃(︃
RD
t+1

RD
t

)︃2
Dt+1

Dt

]︄
= 0

(2.60)
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JBt = RbH
t BI

t +RbE
t B

E
t −RD

t D
B
t −DB

t R
B
t

κD
2

(︃
RD
t

RD
t−1

− 1

)︃2

−BH
t R

bH
t

κD
2

(︃
RbH
t

RbH
t−1

− 1

)︃2

−BE
t R

bE
t

κbE
2

(︃
RbE
t

RbE
t−1

− 1

)︃2

−KB
t

κKb
2

(︃
KB
t

KB
t−1

− νi

)︃2

(2.61)

Retailer:

JRt = Yt

[︃
1 − 1

Xt

− κp
2

(︁
Πt − Π

ιp
t−1Π

1−ιp
)︁2]︃

(2.62)

1−ϵYt +
ϵYt
Xt

−Πtκp
(︁
Πt − Π

ιp
t−1Π

1−ιp
)︁
+βPκpEt

ΛP
t+1

ΛP
t

(︁
Πt+1 − Π

ιp
t Π1−ιp

)︁
Π2
t+1

Yt+1

Yt
= 0 (2.63)

Aggregate/ Market Clearance:

Ct = γPC
P
t + γIC

I
t + γEC

E
t (2.64)

BE
t +BH

t = Bt (2.65)

H = γPH
P
t + γIH

I
t (2.66)

Yt = Ct +QK
t (Kt − (1 − δk)Kt−1) + δKbK

B
t−1 + f(Mt) + ψ(Ut) + Yt

κp
2

(︂
Πt − Π

ιp
t−1Π

1−ιp
)︂2

+DB
t R

B
t

κd
2

(︃
RD
t

RD
t−1

− 1

)︃2

+BH
t R

bH
t

κd
2

(︃
RbH
t

RbH
t−1

− 1

)︃2

+BE
t R

bE
t

κbE
2

(︃
RbE
t

RbE
t−1

− 1

)︃2

(2.67)

Central bank :

RDC
t = ϕdc,rRt (2.68)

1 +Rt = (1 +R)1−ϕR(1 +Rt−1)
ϕR

[︄(︃
Πt

Π

)︃ϕπ (︃ Yt
Yt−1

)︃ϕy]︄1−ϕR
(1 + ϵrt ) (2.69)

Shocks
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Consumption preference shock: ϵzt = ρzϵ
z
t−1 + εzt (2.70)

TFP shock: aEt = ρza
E
t−1 + εat (2.71)

Housing preference shock: ϵht = ρzϵ
h
t−1 + εht (2.72)

LTV ratio shock households: mI
t−1 = ρmImI

t−1 + εm
I

t (2.73)

LTV ratio shock entrepreneurs: mE
t = ρmEmE

t−1 + εm
E

t (2.74)

deposit markup shock: ϵdt = ρdϵ
d
t−1 + εdt (2.75)

loan markup (entrepreneurs): ϵbEt = ρzϵ
bE
t−1 + εbEt (2.76)

loan markup (households): ϵbHt = ρzϵ
bH
t−1 + εbHt (2.77)

Monetary policy shock: ϵrt = ρdϵ
r
t−1 + εrt (2.78)

2.B.1 Log-linearization derivations

Patient Households:

(1 − aP )ϵzt
cPt − aP cPt−1

= λPt

Taking log of both sides we get,

log(1 − aP ) − log(cPt − aP cPt−1) = logλPt

Doing Taylor expansion around the steady states we get,

log(1 − aP ) − log(cP − aP cP ) − 1

cP (1 − aP )
{cP ĉPt − aP cP ĉPt−1} = logλP + λ̂Pt

Using steady state version of eq( 2.B.1) and canceling appropriate terms, we get,

(1 − aP )λ̂Pt = aP ĉPt−1 − ĉPt (2.79)

ϵht
hPt

+ βPλPt+1q
h
t+1 = λPt q

h
t

Taking 2nd term on LHS to RHS and taking log, we get,

logϵht − loghPt = log
(︁
λPt q

h
t − βPλPt+1q

h
t+1

)︁
Doing Taylor expansion around the steady states we get,
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log
(︁
λP qh − βPλP qh

)︁
+

1

λP qh − βPλP qh
{λP qh(λ̂Pt + q̂ht ) − βPλP qh(λ̂Pt+1 + q̂ht+1)}

= logϵh − loghP + ϵ̂ht − ĥPt

Hence finally we get,

(λ̂Pt + q̂ht ) − βP (λ̂Pt+1 + q̂ht+1) = ϵ̂ht − ĥPt (2.80)

Labor supply of the patient household becomes,

λ̂Pt + ŵPt = ϕl̂Pt (2.81)

Now lets go back to the first order conditions of payment instruments.

ΛP
t = ωd

χz,t
Zt

(︃
Zt
Dt

)︃ 1
ηz,t

+ βP Et

(︁
ΛP

t+1

)︁ (︁
1 +Rd

t

)︁
(Πt+1)

taking log of the both sides we get

log ΛP
t = log

[︃
ωd
χz,t
Zt

(︃
Zt
Dt

)︃ 1
ηz,t

+ βP Et

(︁
ΛP

t+1

)︁ (︁
1 +Rd

t

)︁
(Πt+1)

]︃
⇔ log ΛP + λ̂Pt = log

[︃
ωd
χz
Z

(︃
Z

D

)︃ 1
ηz

+ βPΛP (1 +Rd)

]︃
+ taylor expansion of RHS

⇔ λ̂Pt =
1

ΛP

{︄
ωd
χz
Z

(︃
Z

D

)︃ 1
ηz
[︃
χ̂z,t +

(︃
1

ηz
− 1

)︃
ẑt −

1

ηz
d̂t − log

(︃
Z

ηzD

)︃
η̂z,t

]︃
+βPΛP (1 +Rd)

[︃
λ̂Pt+1 − π̂t+1 +

(︃
Rd

1 +Rd

)︃
r̂dt

]︃}︃
(2.82)

Notice that from the steady state, we have

ωd
χz
Z

(︃
Z

D

)︃ 1
ηz

= ΛP [1 − βP (1 +Rd)]
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Using the above identity in the first term of the RHS, we get,

⇔ λ̂Pt =
1

ΛP

{︃
ΛP [1 − βP (1 +Rd)]

[︃
χ̂z,t +

(︃
1

ηz
− 1

)︃
ẑt −

1

ηz
d̂t − log

(︃
Z

ηzD

)︃
η̂z,t

]︃
+βPΛP (1 +Rd)

[︃
λ̂Pt+1 − π̂t+1 +

(︃
Rd

1 +Rd

)︃
r̂dt

]︃}︃
⇔ λ̂Pt = [1 − βP (1 +Rd)]

[︃
χ̂z,t +

(︃
1

ηz
− 1

)︃
ẑt −

1

ηz
d̂t − log

(︃
Z

ηzD

)︃
η̂z,t

]︃
+ βP (1 +Rd)

[︃
λ̂Pt+1 − π̂t+1 +

(︃
Rd

1 +Rd

)︃
r̂dt

]︃
(2.83)

Similarly for CBDC, we have

⇔ λ̂Pt = [1 − βP (1 +RDC)]

[︃
χ̂z,t +

(︃
1

ηz
− 1

)︃
ẑt −

1

ηz
d̂ct − log

(︃
Z

ηzDC

)︃
η̂z,t

]︃
+ βP (1 +RDC)

[︃
λ̂Pt+1 − π̂t+1 +

(︃
Rdc

1 +Rdc

)︃
r̂dt

]︃
(2.84)

Similarly for cash, we have

λ̂Pt +

(︃
ψMM

1 + ψMM

)︃
m̂t =

+

(︃
1 − βP

1 + ψMM

)︃[︃
χ̂z,t +

(︃
1

ηz
− 1

)︃
ẑt −

1

ηz
m̂t − log

(︃
Z

ηzM

)︃
η̂z,t

]︃
+

(︃
βP

1 + ψMM

)︃[︂
λ̂Pt+1 − π̂t+1

]︂
(2.85)

For the CES aggregator of payment instruments, we have

ẑt = ZMm̂t + ZDC d̂ct + ZDd̂t + Zν ν̂t + Zηz η̂z,t (2.86)
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where,

ZM =

(︃
M

Z

)︃(1− 1
ηz

)
(2.87)

ZDC = ν

(︃
DC

Z

)︃(1− 1
ηz

)
(2.88)

ZD = ωd

(︃
D

Z

)︃(1− 1
ηz

)
(2.89)

Zν =
ν(︂

1 − 1
ηz

)︂ (︃DC
Z

)︃(1− 1
ηz

)
(2.90)

Zηz = ZM log M + ZDlog D + ZDC log DC (2.91)

ϵht
hIt

+ βIEt(λIt+1q
h
t+1 + sItm

I
tπt+1q

h
t+1) = λIt q

h
t

Taking log doing some side changes we obtain,

logϵht − loghIt = log(λIt q
h
t − βIEt(λIt+1q

h
t+1 + sItm

I
tπt+1q

h
t+1))

Doing Taylor expansion we get,

1

λIqh − βIλIqh − βIsImIπqh

{︂
λIqh(λ̂It + q̂ht )

−βIλIqh(λ̂It+1 + q̂ht+1) − βIsImIqhπ(ŝIt + m̂I
t + q̂ht+1 + π̂t+1)

}︂
= ϵ̂ht − ĥIt

Finally,

λIqh{(λ̂It + q̂ht ) − βI(λ̂It+1 + q̂ht+1)} − βIsImIqhπ(ŝIt + m̂I
t + q̂ht+1 + π̂t+1) =

ϵh

hI
(ϵ̂ht − ĥIt )

(2.92)

λIt = βI Et

(︁
λI t+1

)︁ (︁
1 + rbHt

)︁
(πt+1)

+ sIt (1 + rbHt ) (2.93)

Taking log doing some side changes we obtain,

log

(︄
λIt − βI Et

(︁
λI t+1

)︁ (︁
1 + rbHt

)︁
(πt+1)

)︄
= log

(︂
sIt (1 + rbHt )

)︂
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Doing Taylor expansion we get,

λI λ̂It −
βIλIRbH

π
(λ̂It+1 + R̂bH

t − π̂t+1) = sIRbH(ŝIt + R̂bH
t ) (2.94)

(1 + rbHt )bIt = hItm
I
tEtπt+1q

h
t+1 (2.95)

Taking log on both sides we get,

log(1 + rbHt ) + logbIt = loghIt + logmI
t + logπt+1 + logqht+1

Doing Taylor expansion we get,

R̂bH
t + b̂It = ĥIt + m̂I

t + π̂t+1 + q̂ht+1 (2.96)

Labor supply of the impatient household becomes,

λ̂It + ŵIt = ϕl̂It (2.97)

Entrepreneurs:

(1 − aE)λ̂Et = aE ĉEt−1 − ĉEt (2.98)

λEqk(λ̂Et + q̂kt ) − βEλE
[︂
(1 − δk)qk + rk

]︂
λ̂Et+1

− βEλE
[︂
(1 − δk)qk

]︂
q̂kt+1 − βEλErk(r̂kt+1 + ût+1)

= sEmEqkπ(1 − δk)(ŝEt + m̂E
t + q̂kt+1 + π̂t+1) (2.99)

λEλ̂Et − βEλERbE

π

(︂
λ̂Et+1 + R̂bE

t − π̂t+1

)︂
= sERbE

(︂
ŝEt + R̂bE

t

)︂
(2.100)

R̂bE
t + b̂Et = ĥEt + m̂E

t + π̂t+1 + q̂kt+1 (2.101)

ŷEt = âEt + α
(︂
ût + k̂Et−1

)︂
+ (1 − α)

{︂
µl̂Pt + (1 − µ)l̂It

}︂
(2.102)

ŵPt = ŷEt − l̂Pt − x̂t (2.103)
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ŵEt = ŷEt − l̂It − x̂t (2.104)

r̂kt = âEt + (α− 1)
(︂
ût + k̂Et−1

)︂
+ (1 − α)

{︂
µl̂Pt + (1 − µ)l̂It

}︂
− x̂t (2.105)

r̂kt =
ψ2

ψ1

ût (2.106)

Capital producers

Kt = (1 − δk)Kt−1 +

⎡⎣1 − κi
2

(︄
itϵ

qk
t

it−1

− 1

)︄2
⎤⎦ it

Taking log after bringing 1st term on RHS to LHS, we get

log
(︂
Kt − (1 − δk)Kt−1

)︂
= log

⎡⎣1 − κi
2

(︄
itϵ

qk
t

it−1

− 1

)︄2
⎤⎦+ log it

Doing Taylor expansion we get,

log
(︂
K − (1 − δk)K

)︂
+

1

K − (1 − δk)K

{︂
Kk̂t − (1 − δk)Kk̂t−1

}︂
= log i+ ît

Finally,

k̂t − (1 − δk)k̂t−1 = δk ît (2.107)

1 = qkt

⎡⎣1 − κi
2

(︄
itϵ

qk
t

it−1

− 1

)︄2

− ϵqkt
it
it−1

κi

(︄
itϵ

qk
t

it−1

− 1

)︄⎤⎦
+ κiβ

EEtϵqkt+1

λEt+1

λEt
qkt+1

(︄
it+1ϵ

qk
t+1

it
− 1

)︄(︃
it+1

it

)︃2

Taking log of both sides we get,

0 = log

⎛⎝qkt
⎡⎣1 − κi

2

(︄
itϵ

qk
t

it−1

− 1

)︄2

− ϵqkt
it
it−1

κi

(︄
itϵ

qk
t

it−1

− 1

)︄⎤⎦
+κiβ

EEtϵqkt+1

λEt+1

λEt
qkt+1

(︄
it+1ϵ

qk
t+1

it
− 1

)︄(︃
it+1

it

)︃2
)︄
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Taylor expansion gives us,

0 = q̂kt − κi(̂it + ϵ̂qkt − ît−1) + κiβ
E (̂it+1 + ϵ̂qkt+1 − ît)

or more compact form,

q̂kt = κi(̂it + ϵ̂qkt − ît−1) − κiβ
E (̂it+1 + ϵ̂qkt+1 − ît) (2.108)

Retailer:

ĴRt = ŷt +
1

x− 1
x̂t (2.109)

1 − ϵyt +
ϵyt
xt

− πtκp

(︂
πt − π

ιp
t−1π

1−ιp
)︂

+ βPκpEt
λPt+1

λPt

(︂
πt+1 − π

ιp
t π

1−ιp
)︂
πt+1

Yt+1

Yt
= 0

or,

1 = ϵyt −
ϵyt
xt

+ πtκp

(︂
πt − π

ιp
t−1π

1−ιp
)︂
− βPκpEt

λPt+1

λPt

(︂
πt+1 − π

ιp
t π

1−ιp
)︂
πt+1

Yt+1

Yt

In steady state, we get,

1 = ϵy − ϵy

x
⇒ x =

ϵy

ϵy − 1

Taking log of the actual equation we get,

0 = log

(︃
ϵy − ϵy

x

)︃
+

{︃
ϵy ϵ̂yt −

ϵy

x
ϵ̂yt +

ϵy

x
x̂t − π2κp

(︂
π̂t − ιpπ̂t−1

)︂
+ βPπ2κp

(︂
π̂t+1 − ιpπ̂t

)︂}︃
or more compact form,

ϵ̂yt + (ϵy − 1)x̂t = π2κp

(︂
π̂t − ιpπ̂t−1

)︂
− βPπ2κp

(︂
π̂t+1 − ιpπ̂t

)︂
(2.110)

Bank:

Rb
t = rt + −κKb

(︃
Kb
t

Bt

− νi

)︃(︃
Kb
t

Bt

)︃2

Taking log we get,

log Rb
t = log

(︄
rt + −κKb

(︃
Kb
t

Bt

− νi

)︃(︃
Kb
t

Bt

)︃2
)︄

Considering that in steady state, Kb/B = νi (which implies Rb = rCB i.e. steady state
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policy rate is same as wholesale loan rate) we get,

R̂b
t =

1

rCB

{︄
rCB r̂CBt − κKb

(︃
Kb

B

)︃2

(K̂b
t − B̂t)

}︄

Finally,

R̂b
t = r̂CBt − κKb

rCB
v2i (K̂

b
t − B̂t)

πtK
b
t = (1 − δb)Kb

t−1 + jbt−1 (2.111)

Taking Taylor expansion, we get

π̂t + K̂b
t =

1

Kb

{︄
(1 − δb)KbK̂b

t−1 + jbĵbt−1

}︄

Now from steady state, we obtain jb = δbKb. Substituting this in the above,

π̂t + K̂b
t = (1 − δb)K̂b

t−1 + δbĵbt−1 (2.112)

Bt = Kb
t +Db

t

In steady state, we get B = Kb + db. Dividing this by B, we have 1 = Kb

B
+ D

B
. Thus we

get D
B

= 1 − νi. Hence the Taylor expansion of the balance sheet constrain gives us,

B̂t = νiK̂
b
t + (1 − νi)D̂t (2.113)

Similarly for the total loan, we have

B̂t =
bI

B
b̂It +

bE

B
b̂Et (2.114)

1 = ϵbHt − ϵbHt
Rb
t

rbHt
+ κbH

(︃
rbHt
rbHt−1

− 1

)︃
rbHt
rbHt−1

− βPEt

[︄
λPt+1

λPt
κbH

(︃
rbHt+1

rbHt
− 1

)︃(︃
rbHt+1

rbHt

)︃2
bIt+1

bIt

]︄
Taking log and doing Taylor expansion we get,

ϵbH ϵ̂bHt − ϵbH
Rb

rbH
(ϵ̂bHt + R̂b

t − r̂bHt ) + κbH(r̂bHt − r̂bHt−1) − βpκbH(r̂bHt+1 − r̂bHt ) = 0
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or,

ϵ̂bHt − (ϵbH − 1)R̂b
t + (ϵbH − 1)r̂bHt + κbH(1 + βp)r̂bHt − κbH r̂

bH
t−1 − βpκbH r̂

bH
t+1 = 0

Finally,

r̂bHt =

(︃
ϵbH − 1

ϵbH − 1 + κbH(1 + βp)

)︃
R̂b
t +

(︃
βpκbH

ϵbH − 1 + κbH(1 + βp)

)︃
r̂bHt+1

+

(︃
κbH

ϵbH − 1 + κbH(1 + βp)

)︃
r̂bHt−1 −

(︃
1

ϵbH − 1 + κbH(1 + βp)

)︃
ϵ̂bHt (2.115)

r̂bEt =

(︃
ϵbE − 1

ϵbE − 1 + κbE(1 + βp)

)︃
R̂b
t +

(︃
βpκbE

ϵbE − 1 + κbE(1 + βp)

)︃
r̂bEt+1

+

(︃
κbE

ϵbE − 1 + κbE(1 + βp)

)︃
r̂bEt−1 −

(︃
1

ϵbE − 1 + κbE(1 + βp)

)︃
ϵ̂bEt (2.116)

r̂dt =

(︃
ϵd − 1

ϵd − 1 − κd(1 + βp)

)︃
r̂CBt +

(︃
βpκd

ϵd − 1 − κd(1 + βp)

)︃
r̂dt+1

+

(︃
κd

ϵd − 1 − κd(1 + βp)

)︃
r̂dt−1 −

(︃
1

ϵd − 1 − κd(1 + βp)

)︃
ϵ̂dt (2.117)

jbĵbt = rbHbI(r̂bHt + b̂It ) + rbEbE(r̂bEt + b̂Et ) − rddb(r̂dt + d̂bt) (2.118)

Central Bank:

R̂CB
t = ϕRR̂

CB
t−1 + ϕπ(1 − ϕR)π̂t + ϕy(1 − ϕR)(Ŷt − Ŷt−1) + ϵ̂rt (2.119)

Aggregate:

Ŷt =

(︃
1 − δk

K

Y

)︃
Ĉt +

K

Y
K̂t − (1 − δk)

K

Y
K̂t−1 (2.120)
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2.C Steady-state calculation

The most straightforward ones are below,

π = 1 (2.121)

πw = π (2.122)

X =
ϵy

ϵy − 1
(2.123)

Qk = 1 (2.124)

Interest rates

From the FOC of deposits for patient households, we get

Rd =
1

βp
− 1 (2.125)

Bank’s FOC for retail deposits gives policy rate in SS

R =

(︃
ϵd − 1

ϵd

)︃
Rd (2.126)

FOC of wholesale bank gives us wholesale loan rate is SS,

Rb = R (2.127)

From the FOCs of retail loans we get,

RbE =

(︃
ϵbE

ϵbE − 1

)︃
Rb (2.128)

RbH =

(︃
ϵbH

ϵbH − 1

)︃
Rb (2.129)

Borrowing constraint LMs From the foc of mortgage loand and firm loans, we derive

Lagrange multipliers per unit of consumption Langrage multipliers as,

sI

λI
=

1 − βI(1 +RbH)

1 +RbH
(2.130)

sE

λE
=

1 − βE(1 +RbE)

1 +RbE
(2.131)

We can derive Rk in SS from the FOC of capital for firms as

Rk =
1

βE

[︃
1 − sE

λE
mE(1 − δ)

]︃
− (1 − δ) (2.132)
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Housing-consumption ratios FOC of housing for households,

HpQh = oo1C
p (2.133)

HIQh = oo2C
I (2.134)

where,

oo1 =
j

1 − βp
(2.135)

oo2 =
j

1 − βI − sI

λI
mI

(2.136)

Now the trick will be to express consumptions as wage-labor ratios. To do it, first we need

expression for loans and deposit to be substituted in the budget constraints. Capital-Asset

ratio is calibrated at the νb i.e.
Kb

B
= νb (2.137)

Since B = Kb +D, we have D = (1 − νb)B. Now from the constraints,

bI =

(︃
mI

1 +RbH

)︃
QhHI (2.138)

bE =

(︃
mE

1 +RbE

)︃
(1 − δ)KE (2.139)

Therefore,

D = (1 − νb)

[︃(︃
mI

1 +RbH

)︃
QhHI +

(︃
mE

1 +RbE

)︃
(1 − δ)KE

]︃
(2.140)

From the budget constraint of the patient household,

Cp = W pLp +RdD + tp

In SS, tp = Y E(1 − 1
X

) + Πb where Πb is bank’s profit and in SS takes value Πb =

RbHbI + RbEbE − RdD. I will define a parameter to set tp = 0 say τp, τb. If τp = 0, the

transfer from the firm does not enter the budget constraint of the patient household (for

now we would consider τp = 1, τb = 1). So tp = τpY
E(1 − 1

X
) + τbΠ

b. Now lets turn to
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budget constraint of impatient household.

CI = W ILI −RbHbI

= W ILI −RbH

(︃
mI

1 +RbH

)︃
QhHI

= W ILI −RbH

(︃
mI

1 +RbH

)︃
oo2C

I using QhHI = oo2C
I

Therefore,

CI = oo3W
ILI (2.141)

where

oo3 =
1

1 +
(︂
mIRbH

1+RbH

)︂
oo2

(2.142)

So Cp becomes

Cp = W pLp +RdD + tp

= W pLp +RdD + τpY
E

(︃
1 − 1

X

)︃
+ τbΠ

b

= W pLp +RdD + τpY
E

(︃
1 − 1

X

)︃
+ τbΠ

b

= W pLp +RdD + τpY
E

(︃
1 − 1

X

)︃
+ τb(R

bHbI +RbEbE −RdD)

= W pLp + τpY
E

(︃
1 − 1

X

)︃
+ (1 − τb)R

dD + τbR
bHbI + τbR

bEbE

= W pLp + τpY
E

(︃
1 − 1

X

)︃
+ (1 − τb)(1 − νb)Rd(bI + bE) + τbR

bHbI + τbR
bEbE

= W pLp + τpY
E

(︃
1 − 1

X

)︃
+ [(1 − τb)(1 − νb)Rd + τbR

bH ]bI + [(1 − τb)(1 − νb)Rd + τbR
bE]bE

Notice that if τb = 1, the Rd terms disappear from the expression. Replacing all these in

budget constraint of patient household, we get

Cp = W pLp + τpY
E

(︃
1 − 1

X

)︃
+ [(1 − τb)(1 − νb)Rd + τbR

bH ]

(︃
mI

1 +RbH

)︃
QhHI

+ [(1 − τb)(1 − νb)Rd + τbR
bE]

(︃
mE

1 +RbE

)︃
(1 − δ)KE
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Now replacing QhHI = oo2C
I = oo2oo3W

ILI and KE = αY E

RKX
(from definition of Rk)

above we get,

Cp = W pLp + τpY
E

(︃
1 − 1

X

)︃
+ [(1 − τb)(1 − νb)Rd + τbR

bH ]

(︃
mI

1 +RbH

)︃
oo2oo3W

ILI

+ [(1 − τb)(1 − νb)Rd + τbR
bE]

(︃
mE

1 +RbE

)︃
(1 − δ)

αY E

RKX

Now from FOC of wage of firms we have,

W pLp = µ(1 − α)
Y E

X

or,

Y E =
X

µ(1 − α)
W pLp

Using all these above in Cp finally we have,

Cp = oo4W
ILI + oo5W

pLp (2.143)

where,

oo4 = [(1 − τb)(1 − νb)Rd + τbR
bH ]

(︃
mI

1 +RbH

)︃
oo2oo3 (2.144)

oo5 = 1 + τp
X

µ(1 − α)

(︃
1 − 1

X

)︃
(2.145)

+ [(1 − τb)(1 − νb)Rd + τbR
bE]

(︃
mE

1 +RbE

)︃
α(1 − δ)

RKµ(1 − α)
(2.146)

Solving for labor

From FOC of labor unions,

W sλs =

(︃
ϵL

ϵL − 1

)︃
(Ls)ϕ s ∈ {p, I}
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Using the expression above and λ = 1
C

, we obtain wage-consumption ratio as following

W p

Cp
=

(︃
ϵL

ϵL − 1

)︃
(Lp)ϕ

W I

CI
=

(︃
ϵL

ϵL − 1

)︃
(LI)ϕ

Now the trick is to express consumption as function of corresponding wage-labor factor

so that wage gets cancelled both from denominator and numerator. Taking the ratio of

firm FOC of labor demand,

W pLp

W ILI
=

µ

1 − µ
(2.147)

Replacing W ILI in eq (2.143), we obtain

Cp = oo4

(︃
1 − µ

µ

)︃
W pLp + oo5W

pLp

= oo6W
pLp

where

oo6 = oo4

(︃
1 − µ

µ

)︃
+ oo5 (2.148)

Thus solving for Lp,

W p

Cp
=

(︃
ϵL

ϵL − 1

)︃
(Lp)ϕ

or,
W p

oo6W pLp
=

(︃
ϵL

ϵL − 1

)︃
(Lp)ϕ

or,
1

oo6
=

(︃
ϵL

ϵL − 1

)︃
(Lp)1+ϕ

Finally,

Lp =

[︃
1

oo6

(︃
ϵL − 1

ϵL

)︃]︃ 1
1+ϕ

(2.149)

Similarly using eq (2.141) and wage-consumption ratio,

LI =

[︃
1

oo3

(︃
ϵL − 1

ϵL

)︃]︃ 1
1+ϕ

(2.150)
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Solving for housing

To solve for housing we need consumption-output ratios.

Cp = oo6W
pLp

= oo6µ(1 − α)
Y E

X

or,
Cp

Y E
= oo6µ(1 − α)

1

X

CI = oo3W
ILI

= oo3(1 − µ)(1 − α)
Y E

X

or,
CI

Y E
= oo3(1 − µ)(1 − α)

1

X

Now first solve for CE/Y E (although not needed now). Using the budget constraint of

the entreprenurs,

CE +W pLp +W ILI +RbEbE + δKE =
Y E

X

CE + (1 − α)
Y E

X
+RbEbE + δKE =

Y E

X

CE =
αY E

X
−RbEbE − δKE

= α
Y E

X
−RbE

(︃
mE

1 +RbE

)︃
(1 − δ)KE − δKE

=
αY E

X
−
[︃
RbE

(︃
mE

1 +RbE

)︃
(1 − δ) + δ

]︃
KE

=
αY E

X
−
[︃
RbE

(︃
mE

1 +RbE

)︃
(1 − δ) + δ

]︃
αY E

XRk

CE

Y E
=
α

X
−
[︃
RbE

(︃
mE

1 +RbE

)︃
(1 − δ) + δ

]︃
α

XRk

Now lets turn back to housing. The housing consumption ratios can be expressed as a

function of consumption-output ratios as

QhHp = oo1(C
p/Y E)Y E QhHI = oo2(C

I/Y E)Y E

Therefore taking the ratio of the two above, we get,

Hp

HI
=
oo1(C

p/Y E)

oo2(CI/Y E)

Since Hp +HI = 1, we can find each as

HI =
1

1 + (Hp/HI)
(2.151)
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and Hp = 1 −HI

To find out output, lets use definition of output,

Y E = (KE)α[(Lp)µ(LI)1−µ]1−α

=

(︃
αY E

RkX

)︃α
[(Lp)µ(LI)1−µ]1−α

(Y E)1−α =
(︂ α

RkX

)︂α
[(Lp)µ(LI)1−µ]1−α

Finally,

Y E =
[︂ α

RkX

]︂ α
1−α

(Lp)µ(LI)1−µ (2.152)

• Hence, we can now find Cp, CE, CI in SS using Y E and output-consumption ratios.

• λp, λI , λE are inverses of respective consumptions.

• W p,W I can be found using foc of labor demand by firms.

• KE can be found from KE = αY E

RkX

• Investment is I = δKE

• Housing price Qh is given by Qh = oo1C
p/Hp

• Bank loans BI , BE are found using eqs (2.138)

• Given bank loans we have KE = νbB, D = (1 − νb)B

2.D Cash similarity

Another widely discussed feature of CBDC is how closely it will replicate the features of

cash5. To study the effect of similarities between cash and CBDC, I consider the following

liquidity bundle Zt used by patient households,

Zt =

⎡⎣{︄M ηz,t−1

ηz,t

t + ϑtDC

ηz,t−1

ηz,t

t

}︄σz,t
ηz,t

+ ωdD

ηz,t−1

ηz,t

t

⎤⎦
ηz,t

ηz,t−1

(2.153)

5The main idea of CBDC is to allow households to have a direct claim to the central bank’s balance
sheet, just like in the case of cash. In today’s payment system, a new form of payment could only be
useful if it were different from the existing ones, as the existing ones are quite efficient. Thus, a CBDC
having features like cash can be useful and incentivize households to hold it. For more details, see
Ferrari Minesso et al. (2022), Bordo and Levin (2017)
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where the variable σz,t controls the degree of similarity between CBDC and cash. If

σz,t = ηz,t, we return to the previous form of the liquidity bundle. On the other hand,

if σz,t > ηz,t, then cash and CBDC become substitutes, and for σz,t < ηz,t, they are

complements. The parameter σz,t allows us to control the degree of similarity only between

cash and CBDC so that we can conduct experiments regarding the technical design of

CBDC. The first-order conditions with respect to cash and CBDC become,

ΛP
t = ϑt

χz,t
Zt

(︃
Zt
DCt

)︃ 1
ηz,t
(︃
σz,t
ηz,t

)︃
CB

1− ηz,t
σz,t

t + βP Et

(︁
ΛP

t+1

)︁ (︁
1 +RDC

t

)︁
(Πt+1)

(2.154)

ΛP
t (1 + ψmMt) =

χz,t
Zt

(︃
Zt
Mt

)︃ 1
ηz,t
(︃
σz,t
ηz,t

)︃
CB

1− ηz,t
σz,t

t + βP Et

(︁
ΛP

t+1

)︁
(Πt+1)

(2.155)

where I have defined

CBt =

{︄
M

ηz,t−1

ηz,t

t + ϑtDC

ηz,t−1

ηz,t

t

}︄σz,t
ηz,t

(2.156)

which represents a cash-CBDC bundle.

Figure 2.12 presents the responses of the important macroeconomic variables to a positive

TFP shock. The more complementary cash and CBDC are (i.e., the lower the σz ), the

larger the increase in consumption, output, and investment. For , output peaks near

0.35% for lower values of σz, whereas it reaches only around 0.3% for higher values of σz.

The greater substitutability flattens the response of CBDC holdings, as households easily

shift between the two, reducing the expansionary impulse.
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Figure 2.12: Response of various liquidity instruments and macroeconomic variables to
a TFP shock for varying degrees of substitution of cash and CBDC. Impulse response
functions are percentage deviations from steady state.

Under a bank capital shock (Figure 2.13), output and investment decline in all three

cases, but the contraction is softened as increases. When CBDC complements cash, the

rise in CBDC demand substitutes away from bank deposits, alleviating financial stress.

Bank capital falls by over 3% for all values of σz Following a deposit elasticity shock

(Figure 2.14), which captures higher competitiveness in the deposit market, the responses

of all other variables are quite similar. In this case, the IRFs of CBDC and cash are worth

noting. Although the changing σz is supposed to make CBDC and cash have varying

substitution, the effect on the deposit market is much stronger. Therefore, both cash and

CBDC behave as if they are complements due to the overall decline in the liquidity bundle.

The contractionary monetary policy shock (Figure 2.15) IRFs reveal that design choice

in terms of substitution or complements of CBDC and cash does affect the transmission

of policy shocks of the central bank. Thus the economy might respond differently; the

response to a monetary policy shock does not necessarily get altered, and policymakers

can expect more traditional responses. For the elasticity of substitution in intermediate
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Figure 2.13: Response of various liquidity instruments and macroeconomic variables to a
shock to the value of bank capital for varying degrees of substitution of cash and CBDC.
Impulse response functions are percentage deviations from steady state.

goods (Figure 2.16), macro responses vary little across values. This result suggests that

substitutability or complementarity in the cash-CBDC bundle has a limited effect on

price-markup shocks but larger effects when financial variables or liquidity preferences

are directly involved.

2.E Heterogeneity in liquidity preference

The success of the digital euro project hinges on many factors. The ECB acknowledges

that for the digital euro to be widely adopted, it must address the diverse needs of its

users. To explore this, I extend my model to incorporate heterogeneity in the parameter

χz,t across patient households. For tractability, I introduce two distinct types of patient

households: those with a high value and those with a low value of χz,t, which represents

the weight assigned to the liquid instrument bundle in their utility function. Specifically,

I assume that a fraction γχ of patient households have a high preference for liquidity,
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Figure 2.14: Response of various liquidity instruments and macroeconomic variables to a
deposit elasticity shock for varying degrees of substitution of cash and CBDC. Impulse
response functions are percentage deviations from steady state.

denoted by χhigh
z,t , while the remaining fraction, 1− γχ, have a lower preference, χlow

z,t . The

variation in χz,t can stem from several factors. For instance, lower-income households

may have a greater need for liquidity due to tighter financial constraints, or frequent

shoppers might derive more utility from holding readily available payment instruments.

Rather than modeling the exact source of this heterogeneity, my focus is on examining its

implications for CBDC usage and the resulting effects on the financial conditions of the

banking sector. Each type of patient household maximizes the following lifetime utility

function:

E0

∞∑︂
t=0

βtP

[︄
(1 − aP )ϵZt log

(︂
C
P (i)
t − aPC

P (i)
t−1

)︂
+ ϵht logH

P (i)
t −

(︂
L
P (i)
t

)︂1+ϕ
1 + ϕ

+ χ
(i)
z,t logZ

(i)
t

]︄
(2.157)
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Figure 2.15: Response of various liquidity instruments and macroeconomic variables to
a contractionary monetary policy shock for varying degrees of substitution of cash and
CBDC. Impulse response functions are percentage deviations from steady state.

The term Z
(i)
t represents the consumption of liquidity services and is defined as a CES

aggregator over cash, CBDC, and bank deposits:

Z
(i)
t =

[︄(︂
M

(i)
t

)︂ ηz,t−1

ηz,t + ϑt

(︂
DC

(i)
t

)︂ ηz,t−1

ηz,t + ωd

(︂
D

(i)
t

)︂ ηz,t−1

ηz,t

]︄ ηz,t
ηz,t−1

(2.158)

Each household chooses consumption C
P (i)
t , labor L

P (i)
t , housing services H

P (i)
t , and asset

holdings M
(i)
t (cash), DC

(i)
t (CBDC), and D

(i)
t (deposits), subject to the following budget

constraint:

C
P (i)
t +QP

t ∆H
P (i)
t +D

(i)
t +M

(i)
t +DC

(i)
t + f(M

(i)
t )

≤ W P
t L

P (i)
t + (1 +Rd

t−1)
D

(i)
t−1

Πt

+ (1 +RDC
t−1)

DC
(i)
t−1

Πt

+
M

(i)
t−1

Πt

+ T
(i)
t (2.159)
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Figure 2.16: Response of various liquidity instruments and macroeconomic variables to
a shock to intermediate goods elasticity for varying degrees of substitution of cash and
CBDC. Impulse response functions are percentage deviations from steady state.

As in the baseline model, cash incurs a quadratic storage cost:

f(M
(i)
t ) =

ψM
2

(︂
M

(i)
t

)︂2
, ψM > 0 (2.160)

Aggregate variables are constructed as weighted averages of each type:

CP
t = γχC

P (high)
t + (1 − γχ)C

P (low)
t (2.161)

Dt = γχD
(high)
t + (1 − γχ)D

(low)
t (2.162)

DCt = γχDC
(high)
t + (1 − γχ)DC

(low)
t (2.163)

Mt = γχM
(high)
t + (1 − γχ)M

(low)
t (2.164)

LPt = γχ L
P (high)
t + (1 − γχ)L

P (low)
t (2.165)

HP
t = γχH

P (high)
t + (1 − γχ)H

P (low)
t (2.166)
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In response to a contractionary monetary policy shock (Figure 2.17), where the policy rate

increases by 50 basis points, both models exhibit the expected contraction: output falls

by around 0.12%, consumption and investment decline, and real lending rates increase.

The heterogeneous specification displays a slightly smaller fall in output and consump-

tion—approximately 0.1 percentage points less than the homogeneous case—reflecting the

liquidity-smoothing role of CBDC for high-χz households. At the same time, the fall in

deposits is sharper and the increase in CBDC use is more pronounced (peaking around

0.4%) in the heterogeneous case, indicating a stronger portfolio shift. Bank profits briefly

rise due to wider spreads but decline faster, resulting in a more persistent drop in bank

capital by up to 1.3%, consistent with the mechanism in Gerali et al. (2010) and the

cost-channel effects described in Piazzesi et al. (2022)

Following a positive TFP shock (Figure 2.18), output and consumption rise, peak-

Figure 2.17: Response of various liquidity instruments and macroeconomic variables to
a contractionary monetary policy shock under two scenarios, i.e., (1) the liquidity utility
parameter is heterogeneous across patient households (red lines) and (2) the liquidity
utility parameter is homogeneous across patient households (blue lines). Impulse response
functions are percentage deviations from steady state.

ing around 0.3% and 0.3%, respectively, in both models. However, investment rises
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more slowly in the heterogeneous model—about 0.3% versus 0.4% in the homogeneous

case—due to differences in household saving responses. The CES liquidity aggregator

induces highχz types to substitute away from deposits less aggressively than the average

household in the baseline model. As a result, the expansion in bank capital is modestly

weaker under heterogeneity, reflecting a smaller financial multiplier through the collat-

eral and intermediation channels. CBDC usage increases less under this shock (about

13% in the heterogeneous case vs. 18% in the homogeneous case), in line with a lower

marginal convenience yield during expansions. A positive deposit elasticity shock (Fig-

Figure 2.18: Response of various liquidity instruments and macroeconomic variables to a
TFP shock under two scenarios, i.e., (1) the liquidity utility parameter is heterogeneous
across patient households (red lines) and (2) the liquidity utility parameter is homoge-
neous across patient households (blue lines). Impulse response functions are percentage
deviations from steady state.

ure 2.19)—interpreted as a reduction in banks’ deposit markup—results in a 0.4% decline

in deposits under homogeneity but only about a 0.09% increase in the heterogeneous

model. Investment and output decline as well under the homogeneous χz but increase un-

der the heterogeneous. Moreover, the magnitude differs: investment increases by 0.35% in

the homogeneous case and about 0.15% with heterogeneous preferences, reflecting weaker
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deposit growth. This is consistent with the model’s deposit FOC, where the marginal

utility of liquidity services plays a central role; high-χz households benefit more from the

improved deposit return, but low-χz households are relatively unresponsive, which damp-

ens the overall negative effect of intermediation loss. The response change sign shows

large asymmetry when the competitiveness of the deposit market increases. As seen

before, when the benefit obtained from liquidity services is homogenous, the financial

intermediation is disrupted under this shock. As a result, the output and consumption

decline (about 0.05% in this case). An interesting phenomenon occurs when the benefit

obtained from liquidity services is heterogeneous in an economy. The presence of high χz

household drive-up demand of deposit to the extent that it becomes positive offsets the

negative effect of the decline in deposit market power of the bank. A tightening in firm

Figure 2.19: Response of various liquidity instruments and macroeconomic variables to
a deposit elasticity shock under two scenarios, i.e., (1) the liquidity utility parameter is
heterogeneous across patient households (red lines) and (2) the liquidity utility parameter
is homogeneous across patient households (blue lines). Impulse response functions are
percentage deviations from steady state.

borrowing constraints (Figure 2.20)—modeled as an increase in the firm loan-to-value

ratio—triggers an increase in output of roughly 0.035% in the homogeneous case versus
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0.027% in the heterogeneous setup. Loans to firms expand more severely in the former,

despite the marginally smaller fall in output, due to stronger disintermediation among

high-χz households. CBDC usage declines by over 3.5% under homogeneity compared to

2.5% in the heterogeneous case. Deposits increase more despite having a similar trend in

deposit spread (dropping about 0.05% in both cases). The divergence between firm credit

and aggregate output highlights the importance of financial segmentation: real effects can

appear significant even when financial stress is less pronounced when the heterogeneity is

taken into account. Next, a negative bank capital shock (Figure 2.21) generates a contrac-

Figure 2.20: Response of various liquidity instruments and macroeconomic variables to a
shock to loan-to-value ratio of firm loans under two scenarios i.e., (1) the liquidity utility
parameter is heterogeneous across patient households (red lines), and (2) the liquidity
utility parameter is homogeneous across patient households (blue lines). Impulse response
functions are percentage deviations from steady state.

tion in lending that reduces output by nearly 0.1% across both models, but bank capital

deteriorates more rapidly in the heterogeneous case, with a peak decline of 15% versus

13% in the homogeneous case. Deposits fall further in the heterogeneous model, and

CBDC rises by roughly 5%, reflecting flight-to-liquidity behavior among high-χz agents.

The sharper disintermediation feeds back into reduced bank profitability and slower re-
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covery, consistent with the bank capital transmission channel emphasized in Gerali et al.

(2010).

Figure 2.21: Response of various liquidity instruments and macroeconomic variables to
a shock to the value of bank capital under two scenarios, i.e., (1) the liquidity utility
parameter is heterogeneous across patient households (red lines) and (2) the liquidity
utility parameter is homogeneous across patient households (blue lines). Impulse response
functions are percentage deviations from steady state.

Figures 2.22b and 2.22a illustrate the steady-state outcomes under two alternative

CBDC policy regimes, each reflecting a different choice by the central bank: either tar-

geting the interest rate on CBDC or fixing the supply of CBDC as a share of output. In

both cases, we explore how outcomes vary with the share of liquidity-preference house-

holds (γχ), which governs the degree of heterogeneity in portfolio demand across patient

households.

In Figure 2.22b, the central bank sets the interest rate on CBDC (Rdc), and the quantity

of CBDC is determined endogenously in equilibrium. The surface plots the steady-state

ratio of CBDC to output (DC/Y ) as a function of γχ and the spread between the deposit

rate and the CBDC rate (R− Rdc). The results are intuitive and highly nonlinear: for a

given interest rate spread, CBDC demand is much higher when a larger share of house-
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(a) CBDC holdings as a function of R − Rdc and
γχ

(b) Interest rate spread R − Rdc as a function of
ϕdc and γχ

Figure 2.22: Partial equilibrium effects of heterogeneity of liquidity utility parameter and
CBDC policy parameters under different policy regimes

holds highly value liquidity. When γχ = 0.1, CBDC usage stays below 1% of output across

all interest rate spreads. But when γχ = 0.9, CBDC holdings rise steeply with the spread,

surpassing 2.5% of output when the deposit-CBDC spread reaches 3.2 percentage points.

This illustrates the sensitivity of portfolio allocation to both preference composition and

relative returns. As more households strongly prefer liquidity services, they shift away

from deposits and toward CBDC more aggressively in response to favorable pricing.

Figure 2.22a reverses the policy lever: here, the central bank fixes CBDC supply accord-

ing to a simple rule DC = ϕdcY , and the interest rate on CBDC adjusts endogenously to

equilibrate household portfolios. The plot shows how the resulting interest rate spread

(R − Rdc) depends jointly on ϕdc and γχ. As expected, larger CBDC allocations (higher

ϕdc) and a higher mass of liquidity-seeking households both put downward pressure on the

CBDC rate, requiring a larger spread to clear the market. For instance, when ϕdc = 0.9

and γχ = 0.9, the required spread exceeds 10 percentage points—highlighting a severe

interest rate distortion necessary to absorb a large CBDC quantity. By contrast, when

CBDC supply is modest (ϕdc = 0.1) or the population has fewer high-χz households, the

spread remains close to 2–3 percentage points.

Together, these figures underscore a key trade-off in CBDC policy design. Targeting the

interest rate gives the central bank direct control over relative asset returns but leaves

it exposed to potentially large and uneven take-up depending on household preferences.

Fixing the CBDC quantity, on the other hand, introduces market-clearing volatility in

interest rates, especially when preference heterogeneity is high. In both regimes, the in-

teraction between household-level liquidity preferences and CBDC policy choices plays a

critical role in shaping steady-state portfolio allocations and bank intermediation.
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Chapter 3

Depositor-banker Relationship and

CBDC

3.1 Introduction

The possibility of a Central Bank Digital Currency (CBDC) has swiftly captured sig-

nificant attention within central bank research circles, with many attributing this phe-

nomenon to a prevalent fear of missing out among central banks worldwide. The prolifera-

tion of various cryptocurrencies has amplified this apprehension, compelling central banks

to assert control over payment systems and currency issuance, wary of ceding significant

authority to private entities in monetary matters. Gorton and Zhang (2022) extensively

elaborate on the importance of government vigilance concerning the concurrent existence

of privately issued digital currencies, such as stablecoins, alongside fiat currencies. They

caution against the potential ramifications, emphasizing the risk of central banks relin-

quishing their monopoly on money issuance and circulation.

The introduction of CBDC poses several concerns for monetary authorities. For example,

CBDC might substitute conventional private money, i.e., deposits held at banks, leading

to a substantial increase in bank funding costs (see Carapella and Flemming (2020)).

Keister and Sanches (2022) shows that if CBDCs become highly competitive with bank

deposits, disintermediation is unavoidable. The impact of CBDCs on bank funding de-

pends on whether the CBDC is cash-like or deposit-like. A cash-like CBDC would have

no direct effect on bank funding, whereas a deposit-like CBDC could reduce deposits

and lending. Despite this, introducing a CBDC could increase the aggregate stock of

liquid assets, enhancing exchange efficiency and social welfare. Their findings, modeled

using the framework of Lagos and Wright (2005), are supported by global sentiment,

evidenced by a recent survey from OMFIF (2020), which indicates that households world-

wide view central bank liabilities as the safest form of money. Bindseil (2020) shows how
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a tiered-remuneration system might mitigate the risks banks face from CBDC adoption.

Brunnermeier and Niepelt (2019) establishes the conditions for equilibrium and welfare

outcomes under a dual funding model using public and private money. Meanwhile, dis-

intermediation might compel banks to retain more capital or turn to alternative, more

volatile funding sources. Piazzesi and Schneider (2020) point to another function of banks,

providing credit lines to depositors for payments, and argue that if CBDC lacks a credit

component, it might be welfare-reducing.

AVERAGE DEPOSIT INTEREST RATE IN USA

Figure 3.1: This figure plots the average deposit interest rate of chartered banks in the USA from
1987Q1–2019Q4. The deposit interest rate refers to transaction deposits and related interest expenses,
reported by banks in the FDIC Call Report items RCON3485 and RIAD4508. The policy rate is the
federal funds rate (FEDFUNDS) from the St. Louis Fed. Shaded areas represent NBER recession dates.
(Data references: Drechsler et al. (2017) and McCracken and Ng (2021))

The validity of the aforementioned claims is open to debate, as empirical studies sug-

gest the presence of significant market power among banks. As a result, the disinterme-

diation effect of CBDC may be less pronounced. Drechsler et al. (2017) provide evidence

of such market power in U.S. deposit markets. They find that when the federal funds

rate rises, the spread between policy and deposit rates widens, leading to a reduction in

total deposits. This market power enables banks to maintain low interest sensitivity on

the expense side, mirroring the low interest sensitivity on the income side from credit

issuance. Thus, maturity mismatches in their portfolios are offset by the ability to align

interest sensitivities on both sides of the balance sheet, as highlighted by Drechsler et al.

(2021).
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Figure 3.1 shows that deposit rates on liquid accounts do not move one-for-one with

the policy rate, thereby weakening monetary policy transmission. When the policy rate

approaches the zero lower bound (ZLB), deposit rates tend to remain above it, as zero

returns on deposits might lead savers to switch to cash. Similar trends are observed in the

Euro Area and Canada. Figures 3.3 and 3.4 reveal particularly poor policy transmission

in Canada. Despite policy rate liftoffs from ZLB, deposit rates remained low. The large

deposit base and customer reluctance to switch banks are cited as reasons for the low

interest rate sensitivity offered by Canadian banks.

Chiu et al. (2023) develop a micro-founded general equilibrium model of the payments

and banking market calibrated to the U.S., revealing an imperfectly competitive banking

sector. An interest-bearing CBDC could enhance bank intermediation by raising bank

lending by 1.57%, as well as deposit and loan rates, provided CBDC remuneration stays

within a specific range. Garratt et al. (2022) present a simplified model of competition

between big and small banks, showing that a bank-distributed CBDC could erode the

nonpecuniary benefits large banks offer depositors, especially if policymakers can set the

convenience yield. Hence, bank strategy, leverage, size, and reputation all influence the

CBDC’s effect. These dynamics are explored in Adalid et al. (2022). Niepelt (2022)

notes that CBDC could discipline ‘too-big-to-fail’ banks when other market power reme-

dies are too costly. Chen et al. (2024) finds that CBDC rates directly affect household

liquidity costs and indirectly influence deposit rates via bank competition, while reserve

rates affect deposit rates directly. Their effectiveness, however, depends on market con-

centration. Cirelli and Nyffenegger (2023) argue that whether spread movements are

driven by monopoly or leverage constraints determines the extent of disintermediation.

Similarly, Andolfatto (2020) shows that monopolistic competition might actually increase

lending activity, as banks raise deposit rates and lower lending rates to remain competi-

tive, thereby expanding credit volume.

This paper contributes to this growing literature on the disintermediation effects of CBDC

in the presence of bank market power and long-term banking relationships. These relation-

ships affect both households and firms. Using Anacredit data, Lamas and Martinez Miera

(2021) shows that households hold a significant share of bank equity, especially domestic

banks—and often act as liquidity providers during small-scale crises. Their behavior is

shaped by long-term relationships with banks. As a result, households often hold equity in

their own banks and others. The duration of such relationships is influenced by switching

costs. Using Italian household survey data, Brunetti et al. (2016) find that the probabil-

ity of switching banks is inversely related to the number of services offered and positively

related to the number of banks used by a depositor. Banks exploit economies of scale

by bundling more services, thereby raising switching costs. Stenbacka and Takalo (2019)
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emphasize switching costs as a proxy for both financial stability and a robust banking

system.

However, a research gap remains: existing CBDC literature does not explore the role of

hold-up effects from long-term depositor–banker relationships. This paper seeks to fill

that gap using a medium-scale Dynamic Stochastic General Equilibrium (DSGE) model

incorporating the financial frictions of Gertler and Karadi (2011) and deep habits in

banking, as modeled by Airaudo and Olivero (2019), Aliaga-Dı́az and Olivero (2010).

Numerous empirical studies confirm that bank profitability and interest rate spreads are

heavily influenced by the degree of banking sector competition (see Berger et al. (2004),

Degryse and Ongena (2008)).

GDP GROWTH AND DEPOSIT SPREAD IN USA
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Figure 3.2: Deposit spread is defined as the difference between the FEDFUNDS rate and the average
deposit rate shown in Figure 3.1. GDP growth is the log difference of quarterly GDP (data: Drechsler
et al. (2017), McCracken and Ng (2021)).

The rest of the paper is structured as follows: Section 3.3 describes the model and

its features, Section 3.4 outlines the calibration and estimation procedures, Section 3.5

presents the results, and Section 3.7 concludes.

3.2 Simple Model to Explore Long-Term Relation-

ships

Let us consider a two-period economy with households and banks. The household receives

an endowment y in period 1 and decides on consumption c and deposits d to hold at a
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AVERAGE DEPOSIT INTEREST
RATE IN EU

Figure 3.3: Deposit interest rate: overnight
household deposits in the Euro Area
(MIR.M.U2.B.L21.A.R.A.2250.EUR.N); policy
rate: ECB deposit facility rate (ECBDFR). Source:
ECB and FRED.

AVERAGE DEPOSIT INTEREST
RATE IN CANADA

Figure 3.4: Deposit rate: average paid on trans-
action deposits in six major Canadian banks. Pol-
icy rate: 3-month interbank rate. Source: Bank of
Canada.

representative bank in the economy. In each period, households search for a bank to

hold deposits and may form a long-term relationship. The importance of this long-term

relationship lies in the fact that the household will not search for other banks in the next

period and will continue to hold its deposits with the previously chosen bank.

This long-term relationship is exogenously destroyed with some probability λ, in which

case the household must search for a new bank. An increase in λ implies a weaker

depositor–bank relationship in the economy. Whenever a household is forced to find a

new bank, it incurs a fixed cost ϕ, representing search and matching frictions. We denote

households with an existing bank connection as cO and those forming new connections as

cN . The budget constraints of households in period 1 are:

CO + dO ≤ y CN + dN + ϕ ≤ y (3.1)

In the second period, households receive interest on deposits and profits from the bank.

Their budget constraints in period 2 are

C ′
O ≤ RddO + π C ′

N ≤ RddN + π (3.2)

Assume all households are matched with a bank and each holds deposits with only

one bank. The household utility function is given by:

U(C) =
C1−γ

1 − γ
(3.3)
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1−θ
θ

)︁
N

Figure 3.5: Equilibrium shifts from first-best to inefficient as depositor–banker relation-
ships intensify (i.e., λ decreases).

Each household type solves the following optimization problem:

max
Ci,C′

i,di
U(Ci) + βU(C ′

i) i ∈ {O,N} (3.4)

subject to equations 3.1 and 3.2. The solutions for deposit demand by each household

type are:

dO =
y(βRd)

1
γ −NRk

Rk + (βRd)
1
γ

, dN =
y(βRd)

1
γ −NRk − ϕ(Rk + (βRd)

1
γ )

Rk + (βRd)
1
γ

(3.5)

Total deposit demand is:

d = λdN + (1 − λ)dO

= dO − λϕ (3.6)

The banking sector follows a two-period version of the Gertler and Karadi (2011) model

with financial frictions. Banks may abscond with a fraction θ of assets, and households

receive no deposit insurance. A bank is indifferent between staying in business or running

away when its return in both cases is equal. The bank’s problem is:

max
d

Rk(N + d) −Rdd

subject to Rk(N + d) −Rdd ≥ θRk(N + d)
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The deposit interest rate Rd clears the market and is determined by the household Euler

equation. Depending on the value of Rd, different equilibrium outcomes arise. The first-

best occurs when Rk = Rd, i.e., in the absence of financial frictions. In that case, the bank

is indifferent to any level of d for 0 ≤ d ≤
(︁
1−θ
θ

)︁
N . In the case where (1−θ)Rk ≤ Rd ≤ Rk,

the equilibrium is no longer first-best, and the bank demands the maximum d allowed by

the constraint. The level of deposit in this case is:

d =
RkN(1 − θ)

Rd − (1 − θ)Rk
(3.7)

Notably, for a sufficiently large decrease in λ i.e., when the probability of forming a

new bank-depositor link falls, the deposit market may shift to an inefficient equilibrium.

Stronger depositor–banker relationships (implied by a lower λ) thus increase bank market

power, potentially resulting in an inefficient allocation in the economy.

3.3 Full Model

The model in this paper is a DSGE framework featuring financial frictions and deep habits

in the deposit market. Figure 3.6 illustrates the interactions among the different agents

in the economy.

Representative households hold deposits at banks, supply labor, and maintain a liq-

uidity portfolio from which they derive utility (see Burlon et al. (2024b), Ferrari Minesso

et al. (2022), Schiller and Gross (2021)). Changing the nominal level of cash involves

a quadratic cost, interpreted as the cost of frequent ATM visits or exceeding the bank-

provided limit.

The banking sector is divided into retail and wholesale segments. The retail banking

sector collects deposits from households, offering a bank-specific deposit interest rate,

and bundles these deposits to create wholesale deposits. These are then placed with

the wholesale bank, earning the central bank’s policy rate. Long-term depositor–bank

relationships are modeled following Airaudo and Olivero (2019), who adopt the deep

habits approach of Ravn et al. (2006) to explain counter-cyclical credit spreads in the

U.S. economy.

The wholesale branch of the bank purchases equity from firms and funds credit lines using

wholesale deposits. These wholesale banks function as financial intermediaries and are

not subject to stringent central bank regulations, thereby acting more like shadow banks.1

Financial frictions in the banking sector are modeled in the spirit of Gertler and Karadi

(2011). The production side of the economy follows a standard New Keynesian structure,

1For more on shadow banking, see Jiang et al. (2020), Moreira and Savov (2017).
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consistent with much of the existing literature.

Figure 3.6: Flowchart showing the cash flows between different agents in the model.

3.3.1 Households

There is a unit mass of identical households that supply labor to firms, derive utility

from liquidity services, and consume optimally each period. Liquidity services, denoted

by LBt and measured in consumption units, are modeled as a CES aggregate of deposit

composite, cash, and CBDC, each with distinct weights.

The deposit composite Xd
i,t consists of current deposits and the habit stock of past

deposits held at individual banks. It is defined as

Xd
i,t =

[︄∫︂ 1

0

(Di,j,t − θdSj,t−1)
ϵdt−1

ϵdt dj

]︄ ϵdt
ϵdt−1

(3.8)

Here, it Di,j,t represents household i’s deposit with bank j, and households are assumed

to deposit across all banks in the economy. The term θdSj,t−1 captures the hold-up effect

in the depositor–bank relationship, where it θd quantifies its intensity. 2 The variable

Sj,t−1 is the average stock of accumulated deposits at the bank j at the beginning of

period t:

Sj,t−1 =

∫︂ 1

0

Sij,t−1 di (3.9)

The evolution of the deposit stock is governed by:

2This corresponds to the deep habits formulation in Airaudo and Olivero (2019), Ravn et al. (2006).
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Sj,t−1 = ρsSj,t−2 + (1 − ρs)Dj,t−1 (3.10)

where Dj,t−1 is the total deposits held at the bank j by all households. Since it Sj,t−1

is an average, households treat it as exogenous. Hence, the habit is modeled as external.

When ρs = 0, the stock becomes equivalent to the previous period’s total deposits.

Each household i chooses {Ci,t, Xd
i,t, Di,j,t,Mi,t, DCi,t} to maximize:

E0

∞∑︂
t=0

{︃
log(Ci,t − hCi,t−1) −

χ

1 + φ
L1+φ
i,t + χz,t logLBi,t

}︃

subject to the budget constraint:

Ci,t +Xd
i,t +Mi,t + f(Mi,t) +DCi,t = WtLi,t +

RDC
t−1

Πt

DCi,t−1 +
Mi,t−1

Πt

+

∫︂ 1

0

Rd
j,t−1

Πt

Di,j,t−1dj

where the deposit composite is

Xd
i,t =

[︄∫︂ 1

0

(Di,j,t − θdSj,t−1)
ϵdt−1

ϵdt dj

]︄ ϵdt
ϵdt−1

(3.11)

and the liquidity services bundle is

LBi,t =

[︄
M

ηz,t−1

ηz,t

i,t + ϑtDC

ηz,t−1

ηz,t

i,t + ωdX

ηz,t−1

ηz,t

i,t

]︄ ηz,t
ηz,t−1

(3.12)

The main distinction between the liquidity services considered in Burlon et al. (2024a)

and those in this model is that households here derive utility from the entire deposit

composite Xd
i,t, rather than from individual deposit holdings Dj,t.

Households first determine the optimal relative demand for deposits from each bank

j by maximizing the total interest income from deposits,
∫︁ 1

0
Rd
j,tDij,tdj, subject to a fixed

deposit composite Xd
i,t. The solution to this problem yields the representative household’s

optimal demand for deposits at bank j:

Dij,t =

(︄
Rd
j,t

Rd
t

)︄−ϵdt

Xd
i,t + θdSj,t−1 (3.13)

Here,
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(a) Interest rate elasticity of deposit
demand

(b) Non-linear marginal cost of retail
banks vs. deposit level

Figure 3.7: Non-linear transmission of deposit rates driven by time-varying elasticity and
depositor relationships.

Rd
t =

[︃∫︂ 1

0

(Rd
j,t)

1−ϵdt dj

]︃ 1

1−ϵdt

(3.14)

is the aggregate deposit interest rate index. The effective deposit savings is given by

the composite Xd
i,t, not simply the sum of deposits across all banks. Furthermore, because

deposits are imperfect substitutes, each bank offers a differentiated deposit product.

In the limiting case of perfect substitutability (i.e., ϵdt → −∞) and no deep habits

(θd = 0), the deposit composite reduces to the simple sum of deposits across all banks,

i.e., Xd
i,t =

∫︁ 1

0
Dij,tdj.

Equation (3.13) shows that deposit demand from bank j increases if the bank offers a

higher relative deposit rate or if the household has a stronger existing relationship with the

bank (i.e., higher θd and Sj,t−1). This formulation introduces non-linearity in household

responses to deposit rate changes.

The interest elasticity of deposit demand is given by:

−∂Dij,t

∂Rd
j,t

· R
d
j,t

Dij,t

= ϵdt

(︃
1 − θd

γij,t

)︃
(3.15)

where there γij,t =
Dij,t

Sj,t−1
is a measure of deposit growth at the bank j relative to the

deposit stock from the previous period.

Unlike in Gerali et al. (2010) or Drechsler et al. (2017), the deposit interest elasticity

here depends not only on interest rates but also on the relative deposit holdings, making

it endogenously time-varying.

Figure 3.7a shows how interest rate elasticity of deposit demand varies with the level

of deposit held by a household at a bank (i.e., Dt relative to St−1). Specifically, the plot
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displays the right-hand side of equation (3.15) using steady-state values.3 As households

increase their deposit levels at a bank, the elasticity of deposit demand rises, making

them more sensitive to interest rate changes. This, in turn, increases competition in the

deposit market and limits the ability of banks to suppress deposit rates. Since elasticity is

deposit-level dependent, the marginal cost for retail banks becomes nonlinear. Figure 3.7b

illustrates this: when deposits are high, marginal costs respond less to changes in deposit

levels, while at lower deposit levels or stronger depositor relationships, marginal costs

increase more rapidly. This implies that when banks face higher switching costs (low

γij,t), they adjust deposit rates less in response to funding shocks. Lower deposit elasticity

allows banks to retain more market power and lose fewer customers despite limited rate

pass-through. Conversely, when deposits are large or depositor–banker relationships are

weak, banks pass through more of the policy rate to attract funding. Note that deposit

interest revenue can be simplified as follows:∫︂ 1

0

Rd
j,t−1Dij,t−1dj = Rd

t−1X
d
i,t−1 + ∆d

i,t−1

so the household budget constraint becomes:

Ci,t +Xd
i,t +Mi,t + f(Mi,t) +DCi,t = WtLi,t +

RDC
t−1DCi,t−1

Πt

+
Mi,t−1

Πt

+
Rd
t−1

Πt

Xd
i,t−1 + ∆d

i,t−1

where it ∆d
i,t−1 = θd

∫︁ 1

0
Rd
j,t−1Sj,t−2dj captures the pecuniary benefit from a long-term

relationship with banks. This term reflects that households with longstanding relation-

ships benefit from more favorable deposit terms. Sharpe (1997), Carbo-Valverde et al.

(2011), and Hannan and Adams (2011) provide empirical support showing that banks

tend to offer higher deposit rates in markets with weaker customer relationships or a

larger share of new clients. Thus, ∆d
t−1 quantifies the financial gains from banking loyalty.

Finally, I assume that adjusting nominal cash holdings is costly. The cost function is

f(·) =
ψm
2
M2

t (3.16)

this cost represents the inconvenience associated with adjusting nominal cash balances or

physical inconveniences of carrying cash, insurance, and security. To model the cost of

cash holding, I follow the specification in Burlon et al. (2024b)

3 In this plot, I use ϵd = −1.46 and θd = 0.62, consistent with the baseline model.
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3.3.2 Bank

From the household’s demand for deposit optimization, we get, by summing all deposit

demands from households, i ∈ [0, 1]

Dj,t =

∫︂ 1

0

[︃(︃
Rj,t

Rt

)︃−ϵdt
Xd
j,t + θdSj,t−1

]︃
di

=

(︃
Rd
j,t

Rd
t

)︃−ϵdt
Xd
j,t + θdSj,t−1

Each bank consists of two operating arms, one retail and one wholesale. The wholesale

branch is responsible for buying firm equities and managing wholesale deposits. The retail

branch is in charge of taking retail deposits Dj,t from households by remunerating them

Rd
j,t and bundling them into wholesale deposits Dt and earning the risk-free government

bond rate Rt. Thus, the retail branch of the bank solves the following problem by choosing

its demand for wholesale deposit and interest rate paid on retail deposit to households as

follows:

max
Dj,t,Rd

j,t

E0

∞∑︂
t=0

λ0,t

[︃
RtDt −Rd

j,tDj,t

]︃
subject to,

Dt = Dj,t (3.17)

Dj,t =

(︃
Rd
j,t

Rd
t

)︃−ϵdt
Xd
t + θdSj,t−1 (3.18)

The Lagrangian corresponding to the profit maximization of the jth bank is formulated

as:

L = E0

∞∑︂
t=0

λ0,t

[︃
(Rt −Rd

j,t)Dj,t + ϑj,t

{︃(︃
Rd
j,t

Rd
t

)︃−ϵdt
Xd
t + θdSj,t−1 −Dj,t

}︃]︃
(3.19)

Taking the FOC w.r.t Dj,t and Rd
j,t, I get:

ϑj,t = (Rt −Rd
j,t) + θd(1 − ρs)βEtλt,t+1ϑj,t+1 (3.20)

Dj,t + ϵdtϑj,t
Xd
t

Rd
t

(︃
Rd
j,t

Rd
t

)︃−(1+ϵdt )

= 0 (3.21)
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Let’s focus on Eq (3.20). This variable represents the value of the continuation of the

business of retail banking. It is clear that in the case of ρs = 1, the future value of a retail

bank, it becomes irrelevant for the present value, and it becomes static. Also, the solution

for the deposit stock Sdt−1 becomes zero, and deposit-holdup effects become absent from

the model. In contrast, the stronger hold-up effect implied by higher θd leads to higher

accounting of the value of future profits for retail banks on the present value of profits.

From eq (3.18) and eq (3.21) I have the expression for ϑj,t. I can use the expression for

ϑj,t in eq (3.20) and obtain the following after simple algebra:

Rt −Rd
j,t =

Rd
j,t

ϵdt

(︃
γj,t

θd − γj,t

)︃
− θd(1 − ρs)βEtλt,t+1ϑj,t+1 (3.22)

where γj,t = Dj,t/Sj,t−1. Without the loss of generality, I am assuming a symmetric

equilibrium for the whole economy so that all firms, banks, and households behave exactly

the same as a class. Thus, all retail banks will set exactly the same deposit interest rate,

i.e., Rd
j,t = Rd

t . Moreover, market clearing in the deposit market requires Dj,t = Dt,

Sj,t = St, and Xj,t = Xt. Therefore, under symmetric equilibrium, I get the following

expression for the deposit spread:

Rt −Rd
t =

Rd
t

ϵdt

(︃
γt

θd − γt

)︃
− θd(1 − ρs)βEtλt,t+1

Rd
t+1

ϵdt

(︃
γt+1

θd − γt+1

)︃
(3.23)

If we define the markdown on the policy rate as µdt , where µdt = rdt /rt, the log-linearized

equation is given by Equation 3.C.4 This equation is central to understanding the behav-

ior of the deposit spread in the model. The demand condition for deposits is reflected

in the term γt. An increase in deposit demand or a weakening of the depositor–banker

relationship (i.e., an increase in γt) raises the first term on the right-hand side (RHS),

leading to a decline in the deposit spread. In response, the bank increases its pass-through

of the policy rate to depositors in order to retain them and strengthen the relationship.

Conversely, an expected increase in γt in the future raises today’s deposit spread. An-

ticipating a deterioration in depositor–banker relationships, banks preemptively reduce

pass-through today to widen profit margins—this acts as a precautionary hedge against

future losses.

Another important determinant of depositor–banker relationships is θd, which has a more

nuanced effect. An increase θd (implying a stronger relationship) lowers the first term on

the RHS, which by itself suggests a reduction in the deposit spread. However, it θd also

influences the second term, which captures the impact of future profits on the current

spread. Holding all else constant, this second term increases with θd. Therefore, the net

4 See Appendix 3.C.
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effect of an increase in θd the deposit spread is ambiguous: while the first term lowers the

spread, the second term raises it.

In summary, while it γt has a relatively clear effect on the deposit spread—tightening

relationships reduces spreads and loosening relationships increases them—the effect θd

depends on the relative magnitudes of its influence on present versus future profit expec-

tations.

3.3.3 Wholesale bank

There is a continuum of wholesale banks j ∈ [0, 1] that are modeled after Gertler and

Karadi (2011). They are engaged in buying equities from the non-financial firms and

funding their investments through wholesale deposits obtained from the retail branch of

the bank. The bank has to decide Sj,t financial claims to buy that are priced at Qt and

Dw
j,t wholesale deposits to hold at the retail branch. The return on the equity investment

Rk
t and wholesale deposit costs Rt per unit. If the net worth of the wholesale bank is Nj,t

then the balance sheet of the bank is given by

Nj,t +Dw
j,t = QtSj,t (3.24)

and the net worth evolves as,

Nj,t+1 = Rk
t+1QtSj,t −RtD

w
j,t (3.25)

The bank will not operate unless the discounted return on equities is greater than the

discounted cost of maintaining a deposit contract with the retail branch. Therefore at

every period τ , the condition for the bank operation is

βτEtΛt,t+1(R
k
t+1+τ −Rt+τ ) ≥ 0 for all τ > 0 (3.26)

The stochastic discount factor Λt,t+1 is the same as the one for households since all banks

are owned by households. If the above condition holds, the bank operates in a period by

maximizing expected wealth at exit as follows:

Vj,t = maxEt(1 − θ)θτβτ+1Λt,t+1+τNj,t+1+τ (3.27)

By defining the gross growth rate of assets Xt,t+τ ≡ Qt+τSj,t+τ

QtSj,t
and gross growth rate of

net worth as Zt,t+τ ≡ Nj,t+τ

Nj,t
, it is possible to express the Vj,t as

Vj,t = νtQtSj,t + ηtNj,t (3.28)
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where,

ηt = βEtΛt,t+1[(1 − θ)Rt + θZt+1ηt+1] (3.29)

νt = (1 − θ)βEtΛt,t+1(R
k
t+1 −Rt) + θβEtλt,t+1Xt+1νt+1 (3.30)

At each period, the wholesale banker can divert λ a fraction of the funds to the owner

household. This will lead to the bankruptcy of the bank since all depositors (retail bank

in this case) will run and will recover the 1−λ fraction of the assets. Hence the incentive

constraint for the wholesale banking operation is

Vj,t ≥ λQtSj,t (3.31)

From eq (3.18) and eq (3.31), I can write,

QtSj,t = ϕtNj,t (3.32)

where

ϕt =
ηt

λ− νt
(3.33)

Therefore, variation in the net worth of the wholesale bank will drive the demand for

equities from the bank, creating a channel through which the financial sector will be

affecting the real sector of the economy.

At each period, 1−θ a fraction of the bankers leave with their net worth, and the aggregate

net worth of the remaining bankers is given by

Ne,t = θ[(Rk
t −Rt−1)ϕt−1 +Rt−1]Nt−1 (3.34)

Households transfer a ω
1−θ fraction of the aggregate net worth of the exiting bankers to

the new bankers. Since the net worth of the exiting bankers is (1 − θ)QtSt−1, the net

worth of the new bankers are,

Nn,t = ωQtSt−1 (3.35)

Therefore, the aggregate net worth of the banking sector is,

Nt = θ[(Rk
t −Rt−1)ϕt−1 +Rt−1]Nt−1 + ωQtSt−1 (3.36)

3.3.4 Capital producing firms

Capital producers purchase depreciated capital from the intermediate goods producers

and create new capital. Both renovated capital and new capital to the intermediate
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goods producers. The market for capital is perfectly competitive. The new capital is

priced at Qt. The capital producers face investment adjustment costs associated with

the production of new capital. If depreciated capital is renovated at unit cost, the total

investment is simply the sum of new investment and renovated capital. In mathematical

terms,

It = Int + δ(Ut)ξtKt (3.37)

Notice that the depreciation of capital depends on the level of utilization of capital, i.e.,

wear and tear of capital. The functional form of the capital depreciation is given by,

δ(Ut) = δ̄ − δ̃

1 + ζ
+

δ̃

1 + ζ
U1+ζ
t (3.38)

where, δ̄ is the depreciation in the steady state. Note that the parameter δ̃ will be

endogenously determined in the model.

The capital producer solves the following profit-maximizing problem:

max
Int

Et
∞∑︂
j=0

βjΛt,t+j

[︃
Qt+jI

n
t+j − Int+j −

ηi

2

(︃
Int+j + In

Int+j−1 + In
− 1

)︃2

(Int+j + In)

]︃
(3.39)

Taking derivative with respect to net investment gives the price equation of the capital

as follows:

Qk
t = 1 +

ηi

2

(︃
Int + In

Int−1 + In
− 1

)︃2

+ ηi
(︃
Int + In

Int−1 + In
− 1

)︃(︃
Int + In

Int−1 + In

)︃
− βEtΛt,t+1η

i

(︃
Int+1 + In

Int + In
− 1

)︃(︃
Int+1 + In

Int + In

)︃2

(3.40)

3.3.5 Intermediate goods producers

In a perfectly competitive market, each m intermediate goods producer produces Ym,t

using labor from the household and capital, Kt−1 which it buys using the funds raised by

equity. It sells the produce to the retailers at price Pm
t . In other words, each intermediate

goods producer issues a stock St priced at the price of capital and sells these stocks to

wholesale banks to buy capital. Therefore value of the financial asset satisfies,

QtSt = QtKt−1 (3.41)

Please note that since the firm can buy the capital one period before the production

and sell it to the capital producers as soon as the production is over, there is no capital

accumulation on the firm’s side. The production function of the firm is Cobb-Douglas
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with following specification,

Y m
t = At

[︂
UtξtKt−1

]︂α
L1−α
t (3.42)

The firm solves the following profit-maximizing problem by optimally choosing Lt and Ut,

max Pm
t Y

m
t + (Qt − δ(Ut))ξtKt−1 −WtLt (3.43)

subject to the production function in eq (3.42). Taking first order with respect to Lt, Ut,

I obtain the following optimality conditions,

(1 − α)Pm
t

Y m
t

Lt
= Wt (3.44)

αPm
t

Y m
t

Ut
= δ′(Ut)ξtKt−1 (3.45)

The return on equity investment or capital can be interpreted in this way: since the

intermediary earns zero profit in every period, the total return on capital is exactly the

same as the capital share of revenue and the depreciated capital itself. Thus the realised

return on capital can be expressed as,

Rk
t =

[︃
αPm

t
Ym
t

ξtKt−1
+ (Qk

t − δt)

]︃
ξt

Qk
t−1

(3.46)

3.3.6 Retail producers

The retail producers, a.k.a. final goods producers, buy intermediate goods Y m
t from the

intermediate goods producers at a price Pm
t and bundle them into single final goods Yt

in a monopolistically competitive market. So we have,

Yt =

(︃∫︂ 1

0

(Y f
t )

ϵ−1
ϵ df

)︃ ϵ
ϵ−1

(3.47)

Each firm can re-optimize their price occasionally5 with probability 1 − γ. Firms that

do not optimize the price, index their price using inflation and parameter µ. Therefore a

retail firm optimizes the following problem,

max
P f
t

∞∑︂
i=0

γiβiΛt,t+i

(︃ i∏︂
τ=1

Πµ
t+τ−1

P f
t

Pt+i
− Pm

t+i

)︃
Y f
t+i (3.48)

5 this is referred to as Calvo pricing in the literature following Calvo (1983)
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subject to the demand

Y f
t+i =

(︃ i∏︂
τ=1

Πµ
t+τ−1

P f
t

Pt+i

)︃−ϵ

Yt+i (3.49)

where the aggregate price index is given by

Pt =

(︃∫︂ 1

0

(P f
t )1−ϵ

)︃ 1
1−ϵ

(3.50)

Also note that the price dispersion evolves as,

ςt = (1 − γ)

(︃
P ∗
t

Pt

)︃−ϵ

+ γ

(︃
Πµ
t−1

Pt−1

Pt

)︃−ϵ

ςt−1 (3.51)

and the intermediate goods and final goods are related by price dispersion as

Y m
t = ςYt (3.52)

3.3.7 Government

I assume that government funds bond payments through taxes on the household and

profit received from the central bank and issuing new bonds. The balance sheet of the

government is following

Rg
t−1Bt−1

πt
+Gt = Tt +Bt + ΩCB,t (3.53)

where government bonds are purchased by both households and central banks i.e. Bt =

BCB
t + Bh

t . I also assume that the government gives a subsidy to the household so that

the flexible price equilibrium coincides with efficient equilibrium in the steady state. The

tax policy followed by the government is as follows:

Tt = ντBt−1 (3.54)

3.3.8 Central Bank

The central bank in this economy issues physical currency and digital currency and pays

the remunerations if applicable. The profit of the central bank evolves as follows:

ΩCB,t = Mt +DCt +
Rg
t−1B

CB
t−1

πt
− Rdc

t−1DCt−1

πt
− Mt−1

πt
−BCB

t (3.55)
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Due to the presence of two public assets, the central bank now has to set two policies,

i.e., (1) the nominal interest rate on government bonds and (2) either the supply or

remuneration of CBDC. The nominal interest rate is set according to a Taylor rule,

Rn
t

R
=

(︃
Rn
t−1

R

)︃ρR ⎡⎢⎣Πκπ
t

⎛⎜⎝MUt
ε

ε− 1

⎞⎟⎠
κY
⎤⎥⎦

1−ρR

exp
(︁
εRt
)︁

(3.56)

where MUt is the markup of the intermediary firms and Rn
t is the nominal interest rate.

Notice that nominal and real bond interest rates are connected using the Fisher relation:

Rn
t

EtΠt+1

= Rt+1 (3.57)

For the baseline model, I consider that the CBDC is unremunerated. Hence,

Rdc
t = 1 (3.58)

On the other hand, if the central bank follows a quantity-based rule, the interest rate on

CBDC will be endogenously determined and the policy will be

DCt = ϕDCYt exp(ξdct ) (3.59)

where ξdct is the CBDC supply shock is defined as an AR(1) time series. Later on I will

consider other policy specifications for different scenario analyses.

3.3.9 Market clearing

The total available resource is given by

Yt = Ct +Gt + It +
ηi

2

(︃
Int + In

Int−1 + In
− 1

)︃2

(Int + In) + f(Mt) (3.60)

where government expenditure Gt is ḡȲ for simplicity.
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3.3.10 Aggregate shocks

The model contains several aggregate exogenous shocks, each following an AR(1) process.

Besides the standard shocks to technology, capital quality, and government spending,

At = ρAAt−1 + εAt , (3.61)

ξt = ρξξt−1 + εξt , (3.62)

µt = ρµµt−1 + εµt , (3.63)

the extended framework includes additional shocks that affect the CBDC sector, liquidity

preferences, and retail banking. A CBDC supply shock,

ξdct = ρdc ξ
dc
t−1 + εdct , (3.64)

captures unexpected changes in the quantity of CBDC when the supply rule is active.

The processes

χz,t = (1 − ρχ)χz + ρχχz,t−1 + εχt , (3.65)

ηz,t = (1 − ρη)ηz + ρηηz,t−1 + εηt , (3.66)

vt = (1 − ρv) + ρvvt−1 + εvt , (3.67)

introduce time variation in liquidity preferences and in the parameters that govern house-

holds’ relative demand for CBDC, deposits, and cash. Retail banking conditions are

subject to a further shock,

ϵdt = ρedϵ
d
t−1 + εdt , (3.68)

which moves the elasticity of deposit demand and therefore affects deposit spreads. The

monetary policy disturbance εRt remains purely exogenous, and the model also retains

shocks to investment efficiency and net worth as in the baseline specification.

3.4 Calibration

Table 3.1: Parameter Values

Parameter Value Description

β 0.990 Discount rate

σ 1.000 Consumption EIS
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Table 3.1 – Continued

Parameter Value Description

h 0.815 Habit formation

φ 0.276 Inverse Frisch elasticity

ζ 7.200 Elasticity of marginal depreciation wrt the utilization rate

θ 0.972 Survival prob. of bankers

α 0.330 Capital share

ηi 1.728 Elasticity of investment adjustment cost

ϵp 4.167 goods elasticity

γ 0.779 Calvo param

κΠ 3 Taylor rule: Inflation coefficient

κY -0.125 Taylor rule: Output gap

κ 10.000 Credit policy coefficient

δss 0.025 SS depreciation

ψm 0.020 Cash storage cost Burlon et al. (2024a)

θd 0.62 Intensity of bank-deposit relationship

ρs 0.4 deposit stock parameter

ν 1 CBDC liquidity preference

ωd 0.71 Deposit weight in liquid instrument bundle Burlon et al. (2024a)

χssz 0.0269 Liquid instrument utility parameter Burlon et al. (2024a)

ηssz 3.58 Elasticity of substitution of

cash, CBDC, and deposit Burlon et al. (2024a)

The standard parameters and bank-specific parameters are taken from Gertler and Karadi

(2011) and Burlon et al. (2024a). Model-specific parameters are the intensity of bank

deposit θd, deposit stock parameter ρs. These parameters are suggestive, and they can

take values from 0 to 1. In the baseline model I considered 0.62 for the θd and 0.4

for ρs. In a later section, I do sensitivity analysis on these parameters. I calibrate the

elasticity parameter for liquid assets ι using the steady-state ratio of cash and deposit

composition in M1 measure of money for the USA. I calibrate deposit markdown in the

USA to 0.85 following Jamilov and Monacelli (2023). This markdown value is consistent

with the average deposit spread in the USA of about 60 basis points. The values of the

deep habit parameter θd and stock parameter ρs together are important to have non-

negative profit for retail banks. Therefore, the model does not have a solution when the

parameters are beyond certain values since the retail bankers cease to participate in the
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deposit intermediation and banks lose deposit funding.

1

ϵd

(︃
1

θd − 1

)︃[︃
1 − θd(1 − ρs)β

]︃
≥ 0 (3.69)

Notice that for our given calibration of deposit elasticity parameter and discount factor

of households, the above condition is satisfied.

(a) Indeterminate regions for different Tay-
lor rule parameters when the central bank
sets an interest rate rule for CBDC

(b) Indeterminate regions for different Tay-
lor rule parameters when the central bank
sets a supply rule for CBDC

Figure 3.8: Indeterminacy regions different Taylor rule configurations under 2 different
CBDC policies

Figure 3.8 illustrates how the region of indeterminacy changes depending on whether

the central bank follows an interest rate rule or a supply rule for CBDC. First, note that

the introduction of CBDC into an otherwise standard New Keynesian model increases

the required Taylor coefficient on inflation. In standard models, determinacy requires this

coefficient to exceed one, a condition known as the Taylor principle (see Gaĺı (2015)).

However, when CBDC is introduced, the indeterminacy region shifts to the right. This

implies that the central bank must respond to inflation more aggressively, by more than

2.5 times the change in inflation, in order to maintain determinacy. Furthermore, the

nature of the CBDC policy significantly affects this outcome. If the central bank adopts a

CBDC supply rule, the indeterminacy region becomes smaller compared to the case with

an interest rate rule on CBDC. This means that under a CBDC supply policy, the central

bank must respond even more strongly to both inflation and the output gap to ensure a

unique equilibrium.
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3.5 Results

3.5.1 Steady-state effects

To understand the implications of CBDC introduction and its steady-state effects, I con-

sider 2 policy scenarios for CBDC, where a central bank either fixes the interest rate and

allows the quantity of CBDC to vary endogenously or it fixes the level of CBDC in the

economy and lets the interest rate on CBDC vary endogenously. All values are reported

in table 3.3

When the CBDC rate is set to zero, CBDC holdings remain modest in steady state.

Households hold CBDC equal to about 0.42 of output, while cash amounts to roughly

0.34 of output, and the deposit-to-output ratio is close to 4.83. The liquidity services

index is about 2.80. In this environment the central bank holds approximately 0.64 of

government bonds, and households hold about 3.73, bringing the total stock of govern-

ment bonds to about 4.36. Central bank profits are small but positive, and tax revenues

adjust to 0.204 to support the consolidated fiscal position. Raising the CBDC rate to one

percent of the policy rate increases CBDC demand moderately. CBDC holdings rise to

about 0.43 of output, while cash falls slightly to about 0.34. Deposits remain essentially

unchanged, at about 4.83 times output. The liquidity index moves up to about 2.81.

On the asset side of the public sector balance sheet, total government bonds rise only

marginally to about 4.41. The central bank absorbs a slightly larger fraction of these

bonds, about 0.64, while households hold approximately 3.77. The increase in CBDC

remuneration also lifts central bank profits slightly and leads to a small decline in the

tax rate required to support government spending. When the CBDC rate is raised sig-

nificantly, to one-tenth of the policy rate, the reallocation within the liquidity portfolio

becomes more pronounced. CBDC holdings increase to about 0.57 of output, while cash

falls to about 0.31. At the same time the deposit ratio declines modestly to about 4.79.

These adjustments lift the liquidity services index to about 2.96. The effects on the stock

of public debt are more visible in this case. Total government bonds rise to roughly 4.98,

reflecting the need to expand central bank assets in order to back a larger CBDC liability.

Central bank bond holdings increase to about 0.73, and household bond holdings rise to

about 4.26. Central bank profits also increase relative to the previous cases, while the

required tax rate falls to about 0.21.

The no-CBDC scenario is constructed assuming a policy rule where the quantity of CBDC

supplied is zero. In the economy without CBDC, liquidity is provided almost entirely

through cash and deposits. Cash amounts to roughly 0.54 of output, while deposits stand

at about 5.04 times output. The liquidity services index is about 2.21, reflecting the

overall efficiency of the liquidity bundle. With no CBDC liabilities on the central bank
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balance sheet, the total stock of government bonds in steady state is about 3.14, of which

the central bank holds roughly 0.46 and households about 2.68. Central bank profits are

small, and the required tax rate is around 0.198. Introducing a moderate CBDC quantity

rule that CBDC/Y = 0.3443 generates noticeable changes in the structure of liquidity.

Cash falls substantially, to approximately 0.37 of output, and deposits decline to about

4.85 times output. These adjustments increase the liquidity services indicator to about

2.71, indicating that CBDC provides a meaningful contribution to the liquidity aggregate.

On the fiscal side, the total stock of government bonds rises to about 4.07. The central

bank’s bond holdings increase to about 0.59, while household bond holdings rise to about

3.47. The expansion of public debt reflects the fact that the central bank must acquire

additional government bonds to back the higher level of CBDC liabilities. Central bank

profits increase marginally, and the required tax rate rises slightly to about 0.202. Under

the more aggressive quantity rule, where it CBDC/Y is doubled, CBDC becomes a larger

component of the liquidity bundle, equal to about 0.69 of output. Cash falls further, to

about 0.28, and the deposit-to-output ratio declines modestly to about 4.75. These rebal-

ancing effects raise the liquidity services index to approximately 3.08. The public sector

balance sheet expands further in this case. Total government bonds reach roughly 5.50,

central bank bond holdings increase to about 0.80, and households hold approximately

4.69. These values imply that the introduction of a large CBDC liability requires a size-

able expansion of the central bank’s asset holdings, while at the same time households

shift a greater share of their portfolio toward safe government securities. Central bank

profits rise relative to the moderate rule, and the tax rate settles at about 0.214.

These results show that both the interest rate and quantity-based approaches to CBDC

issuance lead to economically meaningful shifts in the liquidity structure and in the size

of the public sector balance sheet. Higher CBDC remuneration or larger CBDC quanti-

ties reduce the use of cash, increase reliance on CBDC, and generate modest declines in

deposits, while improving the liquidity index. At the same time, both policies require a

substantial expansion in government bond holdings, as the central bank and households

rebalance toward safe assets in response to the new composition of liquid claims.

3.5.2 Monetary policy shock

Figure 3.9 shows the response of selected variables to a one-standard-deviation temporary

contractionary monetary policy shock. As the policy rate increases, so does the wholesale

interest rate, making funding more expensive for the wholesale branches of banks. This

results in a contraction in the net worth of banks. Given that asset holdings are modeled

as a fraction of bank net worth, capital assets decline accordingly, leading to reduced

production.
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In the model with deep habits and CBDC (indicated by the brown square line), the de-

clines in output and consumption are the most pronounced. Inflation also drops the most

in this specification, indicating that monetary policy transmission is strongest when both

CBDC and deep habits in deposit behavior are present.

On the retail side, deposit interest rates rise by less than the risk-free interest rate, caus-

ing the deposit spread to widen, by approximately 25%. Notably, while the credit spread

is pro-cyclical in this setting, the deposit spread behaves counter-cyclically. This behav-

ior reflects banks’ market power: despite reduced investment revenue from firms, banks

can still increase the deposit spread due to the presence of deep habits. Indeed, deposit

spreads increase by about 15% in models without deep habits, but up to 25% in models

with deep habits, allowing banks to preserve profit margins even during downturns.

Retail banks can also delay profit shrinkage by holding deposit rates low, taking advan-

tage of households’ switching costs. These switching costs rise by about 6% on impact

due to higher deposit rates, but decline gradually as both deposit holdings and deposit

rates fall. This makes it cheaper for households to switch to alternative deposit products,

particularly as they continue to enjoy higher returns due to deep habits.

CBDC and cash respond sharply to the monetary policy shock. CBDC holdings drop

by around 800% in both the deep-habit and no-deep-habit models. Since CBDC is not

remunerated in the model, the opportunity cost of holding it rises dramatically as nominal

interest rates increase. Cash, on the other hand, behaves differently. In the absence of

deep habits, cash holdings fall by about 300%. In the presence of deep habits, the decline

in cash is more modest—approximately 100%—because the higher deposit spread reduces

the relative opportunity cost of holding cash.

Although central bank profits remain unchanged, this sharp drop in CBDC and cash im-

plies a $234 billion reduction in the central bank’s balance sheet, assuming current levels

of currency in circulation. This suggests that the central bank could substitute CBDC for

cash without requiring additional asset purchases (or sell-offs), thereby avoiding potential

distortions to the long end of the yield curve.

In contrast to Airaudo and Olivero (2019), where the credit spread enters the New Key-

nesian Phillips Curve (NKPC) via supply-side effects—due to working capital constraints

making loan rates part of marginal costs—this model introduces deep habits in the deposit

market, which affect the demand side through the aggregate demand equation.

3.5.3 Capital quality shock

When the quality of capital suddenly declines, it has an overall contractionary effect on

the economy. However, the banking sector exhibits a distinct response in this case. As

shown in Figure 3.10, capital decreases by approximately 5% on impact following the
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Figure 3.9: Impulse response function of some selected variables of the model to 1 s.d.
contractionary and temporary monetary policy shock. Deviations are measured in per-
centage

capital quality shock.

Notably, the response of capital varies across the four different model specifications. In

particular, the presence of deep habits in the deposit market amplifies the decline in capi-

tal, even though the response of the capital price remains relatively similar across models.

The price of capital assets initially drops by about 15%, but it gradually recovers, return-

ing to its steady-state level within approximately five years. In contrast, the quantity of

capital reaches its lowest point around the two-year mark before beginning to recover.

This divergence highlights the role of deep habits in shaping the dynamics of capital

accumulation and asset pricing in the aftermath of shocks to capital quality.

The return on capital increases immediately following the capital quality shock. This

is driven by both the gradual decline in the capital stock and the simultaneous rise in cap-
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Figure 3.10: Impulse response function of some selected variables of the model to 1 s.d.
negative capital quality shock. Deviations are measured in percentage

ital prices, which together push up the marginal return on capital. A stronger depositor-

banker relationship enhances the banking sector’s risk-taking capacity, resulting in a more

pronounced increase in the credit spread. Specifically, the credit spread increases by ap-

proximately 15% on impact in the model with strong deep habits, while in the other model

variants the response is more muted. This counter-cyclical behavior of the credit spread

is consistent with empirical evidence (see, for example, Gertler and Karadi (2015)). The

retail banking sector responds differently in this scenario compared to a monetary policy

shock. In this case, the demand for deposits declines due to the fall in bank net worth.

A roughly 5% drop in aggregate capital leads to an immediate reduction of around 1% in

deposits. This downward trend continues for approximately 2.5 years, eventually reaching

a decline of about 8% from its steady-state level in the baseline model without CBDC

and deep habits. In contrast, under stronger depositor-banker relationships (i.e., deep
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habits), the drop in deposits is steeper, nearing 15%. Similarly, bank net worth suffers a

much greater contraction, declining by as much as 80% on impact.

As deposits decline, the deposit spread also narrows. According to equation 3.22, a de-

crease in deposit demand reduces the spread. Therefore, unlike in the monetary policy

shock case, where the deposit spread was counter-cyclical ,here it becomes pro-cyclical,

falling in line with output and consumption. As deposit interest rates fall, the opportu-

nity cost of holding cash and CBDC also decreases. This is reflected in their respective

dynamics: CBDC holdings rise by about 60% on impact in the deep-habit model, whereas

cash increases more modestly, by about 5%.

Interestingly, the presence of CBDC helps cushion the decline in deposits, and the increase

in the credit spread is mitigated relative to models without CBDC. Furthermore, although

total deposits decline, the variable γt, which captures the ratio of current deposit holdings

to deposit stock, begins to recover within a year. This early rebound is attributable to

the persistent strength of the depositor-banker relationship embedded in the model.

3.5.4 Liquidity-related responses

Next, we consider shocks related to liquidity in the model. Figure 3.11 shows the re-

sponses of key variables to a 1 standard deviation (s.d.) positive shock to the deposit

elasticity. This shock implies that households become more sensitive to changes in the

deposit interest rate. The introduction of CBDC amplifies the macroeconomic response:

deposit levels rise significantly, reaching a peak increase of around 6% in approximately

five years. As banks lose market power due to higher deposit elasticity, they are unable

to maintain low pass-through of the policy rate. Consequently, deposit interest rates rise

immediately by about 1.7 annual percentage points (APP), and the deposit spread de-

clines sharply by approximately 4 APP.

This decline in the deposit spread increases the opportunity cost of holding other forms

of liquidity, namely cash and CBDC. As a result, CBDC holdings decline dramatically,

by 60% to 80%, while cash holdings drop by about 12% to 25%. Interestingly, in mod-

els with deep habits in the deposit market, the deposit response is more pronounced.

The increased elasticity enhances the substitution effect between liquidity instruments:

in models without deep habits, CBDC usage drops more than in models *with* deep

habits, where existing depositor-banker relationships mitigate the substitution.

The shock leads to economic expansion via the banking channel. Although banks lose

some market power, their net worth increases by approximately 5% on impact due to

the higher deposit inflow. This reflects a holding effect: increased savings in the form of

deposits make the banking sector more robust and better funded. With more capital and

labor available, firms expand production. Output rises by about 1% on impact and peaks
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around 4% after 10 quarters. On the other hand, consumption declines, as deposit-based

saving becomes more attractive in the wake of increased deposit rates.

We also study the response to a 1 s.d. positive shock to liquidity preference in the utility

function (also shown in Figure 3.11). This shock, like the deposit elasticity shock, has an

expansionary effect on the economy, though the magnitude of the response varies across

models. The model with deep habits but no CBDC shows the strongest responses. As

liquidity becomes more valuable to households, they increase their holdings of all liquidity

instruments: deposits, cash, and CBDC.

However, when CBDC is available, it crowds out bank deposits, as households shift their

liquidity portfolios. As a result, the rise in deposits is only about half of what is ob-

served in the model without CBDC. This crowding-out lowers the risk-taking capacity of

banks, leading to reduced net worth and a smaller increase in the risk premium. This dy-

namic illustrates how CBDC, by altering the structure of liquidity demand, can indirectly

influence bank funding conditions and financial stability.

3.5.5 Importance of depositor-banker relationship

Now let us focus on the effect of different degrees of hold-up effect or deep habits in the

deposit market. Figure (3.13) shows the impulse response of variables to a 1 s.d. positive

shock to liquidity preference of the household. As mentioned in the previous section, the

shock has an expansionary effect on the economy as savings instruments become more

sought after. Deposits, being one of the savings instruments, see increased demand along

with CBDC and cash. It is interesting to note that as hold-up effects become stronger

(i.e., implied by increasing value of θd), the expansionary effects become stronger as well.

This is due to the fact that banks have more funding available to them in comparison to

lower values of θd. As a result, banks can now invest more in capital, allowing firms to

increase their production. The increase in output in the case where the hold-up effect is

highest reaches a maximum of 2% in about 10 quarters’ time. A similar effect of hold-up

occurs when the economy is hit by a 1 s.d. positive shock to deposit elasticity, as shown

in Figure (3.14). Unlike the previous shock, in this case, the higher the hold-up effect, the

less expansionary the shock becomes. This is due to the fact that although an increase in

deposit elasticity increases competition in the deposit market, the hold-up effect increases

market power. Hence, there is a trade-off in terms of market power. The increase in

deposit holding is significantly lower (rising to about 0.5% in 15 quarters’ time), whereas

for lower values of deep habits, the deposit level increases by about 0.2% from the steady-

state level, forcing banks to cut back on investment in firms. Hence, the output increases

much less in the case where the hold-up effect is highest. Therefore, in the presence of

a stronger hold-up effect, the economy is less deflationary relative to other levels. The
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Figure 3.11: Impulse response function of some selected variables of the model to 1 s.d.
deposit elasticity shock. Deviations are measured in percentage

decline in CBDC usage is about 1%, whereas cash levels remain almost unchanged.

The changes in the elasticity of substitution of different savings instruments have impli-

cations contrary to the previous shocks. In Figure (3.15), I have shown the response of

the variables to a 1 s.d. shock to the elasticity of substitution among different liquidity

instruments, namely cash, CBDC, and bank deposits. When the deposit-banker relation-

ship is weak in the economy, the shock has an expansionary effect. As cash is expensive to

hold, higher elasticity of substitution between liquidity instruments allows households to

switch to other instruments. As a result, cash declines by about 8% on impact, whereas

deposit holdings increase by 0.1%. The moderate increase in the deposit base is due to

a decline in the deposit rate. This increase in available funding allows banks to take

up more investment projects, making funds for capital available to firms. Consequently,

output and investment increase.
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Figure 3.12: Impulse response function of some selected variables of the model to 1
s.d. positive preference shock to liquidity bundle in utility. Deviations are measured in
percentage

Now, as the hold-up effect in the deposit market increases, the deposit spread increases.

For example, when θd = 0.9, the deposit interest rate spread increases by 0.15 APP on

impact. Since the elasticity of substitution among liquidity instruments has increased,

households can switch to CBDC. This explains the increase in CBDC demand of about

12% on impact. Banks increase the interest rate paid on deposits to retain outgoing

depositors, shrinking the profit margin of the bank. This is reflected in the decline in

the growth of net wealth and bank capital. Banks reduce the size of their investments,

causing a decline in capital. Capital declines by 0.6% in about 5 years’ time. This leads

to a decline in output for θd = 0.9.

As shown in Figure (3.16), the monetary policy transmission is not largely affected by

an increase in the hold-up effect in the deposit market. If anything, the transmission of
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the monetary policy shock improves with increasing θd, indicating that a banking sector

with a strong depositor-banker relationship actually works in favor of monetary policy

transmission.

Figure 3.13: Impulse response function of some selected variables of the model to 1 s.d.
positive shock to the liquidity bundle weight in the utility function of household for
different values of θd. Deviations are measured in percentage

3.5.6 Welfare implications

To perform the welfare analysis, I use the following definition of welfare in the recursive

form:

WELFAREt = log (Ct − hCt−1) −
χ

1 + φ
L1+φ
t + χz,tlog Zt + βEtWELFAREt+1 (3.70)

following Faia and Monacelli (2007), where Zt is defined in Eq (3.12). In the first experi-

ment, I tried to quantify the welfare improvement due to the introduction of CBDC. Fig-

ure 3.17a shows the consumption-equivalent welfare improvements in percentage, where
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Figure 3.14: Impulse response function of some selected variables of the model to 1 s.d.
positive shock to deposit elasticity for different values of θd. Deviations are measured in
percentage

the baseline model is the economy without any CBDC 6. Let us consider the case when

ρs = 0. In this case, the deep habit that enters the deposit composite of the household

is last period’s aggregate deposit (see Eq (3.10)). For lower levels of depositor-banker re-

lationship, the welfare gain remains constant but positive. For stronger depositor-banker

relationships, the welfare effect increases significantly and reaches about 2%. Therefore,

if the central bank introduces CBDC in an economy where depositors have a higher level

of habits in deposit demand, it will significantly increase welfare. Alternatively, when the

stock of habits depends more on last period’s stock rather than last period’s aggregate

deposit, the welfare gains from introducing CBDC decrease (they significantly decrease

when ρs = 0.6 and reach a low of about −5% for higher levels of deposit habits). In-

terestingly, the welfare gain starts to increase after a threshold habit intensity. The gain

reaches up to 4%. The welfare effect of CBDC issuance becomes negative for larger val-

6The model in this exercise has been solved using second-order perturbation with pruning. See Kim et al.
(2008) for more details.
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Figure 3.15: Impulse response function of some selected variables of the model to 1 s.d.
positive shock to the elasticity of the liquidity bundle for different values of θd. Deviations
are measured in percentage

ues of θd and ρs due to two effects, namely the indirect and direct crowding-out effect on

bank deposits. A high value of ρs implies a higher dependence on past stocks of average

deposits in the bank. To see this, realize that St−1 ≃ (1−ρs)
∑︁∞

τ=1 ρ
τ
sDt−τ . As the central

bank introduces CBDC in an economy with a higher level of ρs, the persistence of the

crowding-out effect, it dominates, and the welfare effect becomes negative. In my model,

the direct effect of the deposit stock on the welfare seems to be negligible for lower values,

ρs as the crowding-out effect is only restricted to last period’s deposit stock. The welfare

of introducing CBDC is primarily driven by the dynamics of the interest spread of CBDC

and deposit. Notice that for lower values of ρs, the CBDC interest rate is decreasing

in θd where as for higher values of ρs, it is first increasing and then decreasing θd (see

figure (3.18)). Therefore, introducing CBDC when the spread is higher or increasing is

welfare-reducing, as CBDC crowds out deposits without giving much benefit as a savings

instrument. Whereas, a lower CBDC interest spread increases the welfare as CBDC pro-

vides a store of value despite crowding-out deposits. Therefore, if deposit habit levels in
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Figure 3.16: Impulse response function of some selected variables of the model to 1 s.d.
temporary contractionary monetary policy shock for different values of θd. Deviations are
measured in percentage

the economy are moderate, introducing CBDC becomes welfare-reducing when the habit

is less driven by aggregate deposit. As the deposit stock becomes less and less dependent

on aggregate deposit, retail bankers become less forward-looking and care less about fu-

ture profits. Thus, having a strong deposit base allows banks to pass through the policy

rate more, making it a welfare-increasing scenario for policymakers.

Figure 3.19 reports the consumption-equivalent welfare effects associated with varying

the steady-state ratio of CBDC to output. The results indicate that the introduction of

CBDC is unambiguously welfare-reducing for all admissible values of ϕdc. Moreover, the

magnitude of the welfare loss is monotonically increasing in the size of CBDC issuance.

This pattern reflects neither a negative output-gap coefficient in the monetary policy rule,

recall that the Taylor rule is expressed in terms of markups, nor an artifact of the welfare

metric itself. Instead, the welfare deterioration is a direct consequence of the interaction

between CBDC issuance and the underlying depositor–banker relationship. As the stock

of CBDC expands, deposits become increasingly crowded out, lowering the deposit base
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that intermediaries rely on for funding and reducing the value households derive from

the liquidity services embedded in bank deposits. Because the marginal liquidity benefit

of CBDC does not offset the erosion of bank-provided liquidity services, higher levels of

CBDC issuance translate into progressively larger welfare losses. Consequently, in this

environment, any positive level of CBDC supply diminishes household welfare, and the

adverse effect intensifies with the extent of CBDC adoption.

In the second experiment, I introduced a quadratic cost of CBDC for the government in

the form of ψdc

2
DC2

t . Retail payments are often associated with social costs, and their

presence can determine the implications of introducing CBDC7. Schmiedel et al. (2012)

documents that the social cost associated with cash payments is about 1% of GDP in Eu-

ropean countries. Moreover, banks partner with payment intermediaries to access their

network of payments. This may allow them to be in an advantageous position, as they

may have more data on consumer behavior related to payments. A central bank moving

into the payment market may face large costs due to lack of information.

The modified cash-flow equation for central bank becomes:

Ωt = Mt +DCt − χdc
DC2

t

2
+
Rt−1B

g
t−1

Πt

− Rdc
t−1DCt−1

Πt

− Mt−1

Πt

−BCB
t (3.71)

and the total resource in the economy is given by

Yt = Ct +Gt + It +
ηi

2

(︃
Int + In

Int−1 + In
− 1

)︃2

(Int + In) +
ψdc
2
DC2

t + f(Mt) (3.72)

Introducing the maintenance cost of CBDC has implications for the steady state of the

model. I have reported the steady-state values in Table 3.2. Most of the macroeconomic

variables of concern, such as output, consumption, capital, etc., decrease in the steady

state when there is a significant cost of introducing CBDC (the cost parameter considered

in this exercise is ψDC = 0.02). In the banking sector, CBDC introduction cost has an

opposite effect. The discounted marginal value of bank capital increases by about 0.62%,

and the discounted marginal value of the bank’s net worth increases by about 0.63%.

The deposit spread increases by about 2.88 annualized basis points, but the aggregate

level of deposits decreases by 0.57%. The reduced usage of deposits can be attributed to

the reduction in the overall liquidity bundle consumption in the steady state. Although

the banking sector loses its most stable and cheaper funding base, it can afford to pass

through less of the policy rate to depositors due to a more robust banking sector when

there is a significant cost to introducing CBDC.

7The ECB has estimated the rollout cost of the CBDC project to be about 432 million euros. See
https://www.ecb.europa.eu/press/inter/date/2025/html/ecb.in250324~ff1c69da91.en.html

https://www.ecb.europa.eu/press/inter/date/2025/html/ecb.in250324~ff1c69da91.en.html
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The baseline model in this experiment is the economy where introducing CBDC is cost-

free and there is no depositor hold-up effect (i.e., θd = 0 and ψdc = 0). In Figure 3.17b,

I show the consumption-equivalent welfare heat map for different values of the CBDC

introduction cost ψdc and the depositor hold-up effect θdt . The welfare gains are positive

when there is no cost for central banks to manage or maintain CBDC, and the gains

increase with higher values of the deposit hold-up effect. Therefore, it is welfare-improving

if the depositor-banker relationship is stronger, conditional on no cost of managing CBDC.

From the heatmap, it is clear that for a given level of habits in the deposit market,

the welfare loss in terms of consumption equivalence is increasing in the cost of CBDC

management.

(a) Changes to welfare in comparison to the
economy without CBDC and varying de-
gree of hold-up effect and different values
of deposit stock share. Welfare values are
expressed as consumption equivalent values
in percentage.

(b) Welfare differences in case in compar-
ison to model with no hold-up effects and
no cost of introducing CBDC. Welfare val-
ues are expressed as consumption equiva-
lent values in percentage

3.6 Robustness: Fixed asset of Central Bank

In this exercise, I fix the asset side of the central bank’s balance sheet. Therefore, BCB
t is

held constant at its steady-state value. Any change in the level of CBDC must therefore

be offset by an opposite change in the level of cash in the economy. The purpose of this

robustness check is to confirm the results in a setting where the central bank does not

want to expand its balance sheet. In this case, central bank profits are driven by the

interest rate paid on CBDC and the interest earned on government bond holdings.

Figure 3.21 shows the impulse responses to a contractionary monetary policy shock for

two versions of the model. The red lines represent the model in which CBDC issuance is
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(a) Interest rate spread Rt − Rdc
t for CBDC for

different values of ρs and θd. The spread is ex-
pressed as an annualized percentage.

(b) Interest rate spread Rt−Rd
t for deposit

for different values of ρs and θd. The spread
is expressed as an annualized percentage.

Figure 3.18: Stochastic steady-state for interest spreads for CBDC and deposit.

Figure 3.19: Consumption-equivalent welfare is plotted for varying degrees of CBDC
issuance. The supply rule is DCt = ϕdcYt. The consumption equivalent welfare is reported
in percentage.

neutral from the central bank’s balance sheet perspective. The blue lines, on the other

hand, correspond to non-neutral CBDC issuance. There are two fundamental differences

between these models. When CBDC is non-neutral, the central bank’s policy is essentially

a quantity policy. In contrast, when the size of the central bank’s balance sheet is fixed,
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the level of CBDC is endogenously determined. To make the two models comparable,

I fix the supply of CBDC in the non-neutral model at the same level as in the neutral

model.

Under a monetary policy shock, the response of the real sector of the economy is similar

in both models. The response of government bonds behaves as expected: in the neutral

case, bond holdings remain constant, whereas in the non-neutral case, the decline in cash

is reflected in a decline on the asset side of the central bank. From a policymaker’s

perspective, it is useful to check whether the impact of CBDC issuance is robust across

different balance-sheet configurations of the central bank.

In Figure 3.20, I show the impulse responses to a CBDC supply shock for both models.

Notice that the response of the real economy differs in this case. Let us first focus

on liquid instruments. CBDC and cash become substitutes here, with small differences

arising from the facts that cash has a storage cost and is unremunerated. Although they

are not perfect substitutes, the fixed asset side of the central bank’s balance sheet makes

them closer substitutes.

Because the overall level of bonds in the economy differs between the two cases, declining

by about 10% in the neutral case, the tax level declines. This leads to higher consumption

in the neutral case, unlike in the non-neutral introduction of CBDC. Although the impact

response of deposits is the same in both cases, they diverge after eight quarters: the non-

neutral case appears more accommodating for deposits (reaching about −1.7%), whereas

in the neutral case deposits fall to −2.7%. Banks therefore lose more funding in the

neutral case, which leads to a relative contraction in capital and investment and thus to

lower output.

Inflation rises to about 0.15% after 40 quarters in the neutral case, whereas under non-

neutral CBDC introduction, inflation increases only to about 0.1% above the steady state.

In summary, for a CBDC supply shock, keeping the central bank’s balance sheet fixed

is more costly for both the real economy and financial intermediaries compared with the

case where the asset side of the central bank’s balance sheet is flexible.

3.7 Conclusion

The comprehensive analysis presented in this paper demonstrates the intricate dynamics

of the banking sector and the broader economy in response to various shocks and policy

changes, with a particular focus on the implications of CBDC introduction in the bank-

ing economy with long-term depositor-banker relationships. Drawing on both theoretical

modeling and empirical evidence, the study sheds light on the multifaceted considerations

surrounding CBDC implementation and its potential ramifications for monetary policy
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effectiveness, financial stability, and societal welfare. Notably, the response of the econ-

omy to monetary policy shocks, capital quality shocks, and shocks to the depositor-banker

relationship each exhibited unique patterns, reflecting the underlying mechanisms at play

within the banking sector and the broader economy.

The response to a contractionary monetary policy shock revealed significant adjustments

in various financial variables. Banks faced increased funding costs, leading to a contrac-

tion in net worth and capital assets. However, the counter-cyclical nature of deposit and

credit spreads underscored the market power of banks, allowing them to mitigate profit

shrinkage through adjustments in asset returns and deposit rates. Additionally, the sub-

stitution of cash for CBDC highlighted potential implications for central bank balance

sheets and monetary policy operations.

In contrast, a shock to capital quality resulted in a distinct response, with a decline in

asset prices and capital triggering adjustments in bank behavior. The counter-cyclicality

of credit spreads persisted, but the deposit spread exhibited pro-cyclical behavior, re-

flecting shifts in depositor behavior and bank strategies to maintain profitability. These

findings emphasize the importance of capital quality in shaping financial stability and the

transmission of shocks within the banking sector.

Furthermore, the analysis of shocks to the depositor-banker relationship elucidated the

impact of changes in the effective monopoly power of banks. A reduction in the hold-up

effect led to expansions in consumption and output, highlighting the role of depositor-

banker dynamics in influencing economic activity. The subsequent adjustments in deposit

levels, interest rates, and asset prices underscored the complex interplay between financial

intermediaries and households in shaping macroeconomic outcomes.

The welfare implications derived from the model underscored the nuanced effects of in-

troducing CBDC and associated costs on societal welfare. While CBDC adoption offered

potential benefits, such as improved depositor-banker relationships and reduced trans-

action costs, the magnitude of these benefits varied depending on factors such as the

strength of existing relationships and the cost of CBDC implementation. These findings

provide valuable insights for policymakers grappling with decisions regarding the adoption

and design of CBDC initiatives.

Overall, the findings contribute to our understanding of the transmission mechanisms of

monetary policy and the dynamics of financial intermediation in the presence of shocks.

By incorporating detailed modeling of banking sector behavior and depositor-banker re-

lationships, the study offers important implications for monetary policy effectiveness,

financial stability, and the design of digital currency frameworks.
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Figure 3.20: IRFs for contractionary monetary policy shock for (i) neutral CBDC policy
where asset side of the central bank remains fixed (blue line) and (ii) non-neutral CBDC
where asset side of the central bank is flexible (red line). Variables are percentage devia-
tions from the respective steady-states
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Figure 3.21: IRFs for CBDC supply shock for (i) neutral CBDC policy where the asset
side of the central bank remains fixed (blue line) and (ii) non-neutral CBDC where the
asset side of the central bank is flexible (red line). Variables are percentage deviations
from the respective steady-states
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Appendices

3.A Full model equations

Household:

ϱt = (Ct − hCt−1)
−σ − βhEt(Ct+1 − hCt)

−σ (3.73)

λt,t+1 =
Etϱt+1

ϱt
(3.74)

χLφt = (1 − α)ϱtP
m
t

Yt
Lt

(3.75)

ϱt = βEt
ϱt+1R

g
t

πt+1

(3.76)

ϱt = ωd
χz,t
LBt

(︃
LBt

Dt

)︃ 1
ηz,t

+ βEt
ϱt+1R

d
t

πt+1

(3.77)

ϱt = ϑt
χz,t
LBt

(︃
LBt

Xd
t

)︃ 1
ηz,t

+ βEt
ϱt+1R

dc
t

πt+1

(3.78)

ϱt(1 + f ′(Mt)) =
χz,t
LBt

(︃
LBt

Mt

)︃ 1
ηz,t

+ βEt
ϱt+1

πt+1

(3.79)

LBt =

[︄
M

ηz,t−1

ηz,t

t + ϑtDC

ηz,t−1

ηz,t

t + ωdX
d
t

ηz,t−1

ηz,t

]︄ ηz,t
ηz,t−1

(3.80)
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Retail bank:

Rt −Rd
t =

Rd
t

ϵdt

(︃
γt

θd − γt

)︃
− θd(1 − ρs)βEtλt,t+1

Rd
t+1

ϵdt

(︃
γt+1

θd − γt+1

)︃
(3.81)

γt =
Dt

St−1

(3.82)

St−1 = ρsSt−2 + (1 − ρs)Dt−1 (3.83)

Dt = Xd
t + θdSt−1 (3.84)

Wholesale bank:

ηt = βEtλt,t+1[(1 − θ)Rt + θZt+1ηt+1] (3.85)

νt = (1 − θ)βEtλt,t+1(R
k
t+1 −Rt) + θβEtλt,t+1Xt+1νt+1 (3.86)

ϕt =
ηt

λ− νt
(3.87)

Zt = (Rk
t −Rt−1)ϕt−1 +Rt−1 (3.88)

Xt =
ϕt
ϕt−1

Zt (3.89)

Qk
tKt = ϕtNt (3.90)

Dt = (ϕt − 1)Nt (3.91)

Nt = N e
t +Nn

t (3.92)

N e
t = θZtNt−1ϵ

n
t where ϵnt is exogenous shock to net worth (3.93)

Nn
t = ωQk

t ξtKt−1 where ξt is exogenous shock to capital quality (3.94)

Capital producer:

Rk
t =

[︃
αPm

t
Ym
t

ξtKt−1
+ (Qk

t − δt)

]︃
ξt

Qk
t−1

(3.95)

Qk
t = 1 +

ηi

2

(︃
Int + In

Int−1 + In
− 1

)︃2

+ ηi
(︃
Int + In

Int−1 + In
− 1

)︃(︃
Int + In

Int−1 + In

)︃
− βEtλt,t+1η

i

(︃
Int+1 + In

Int + In
− 1

)︃(︃
Int+1 + In

Int + In

)︃2

(3.96)

δt = δ̄ − δ̃

1 + ζ
+

δ̃

1 + ζ
U1+ζ
t (3.97)
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Int = It − δtξtKt−1 (3.98)

Kt = ξtKt−1 + Int (3.99)

(3.100)

Production:

Y m
t = At

(︂
ξtUtKt−1

)︂α
L1−α
t (3.101)

αPm
t

Y m
t

Ut
= δ′(Ut)ξtKt−1 (3.102)

(3.103)

Pricing:

ςt = γςt−1P
−κϵ
t−1 P

ϵ
t + (1 − γ)

[︄
1

1 − γ

{︄
1 − γP

κ(1−γ)
t−1 P γ−1

t

}︄]︄− ϵ
1−γ

(3.104)

µt =
1

Pm
t

(3.105)

Ft = YtP
m
t + βγEtλt,t+1P

ϵ
t+1P

−ϵκ
t Ft+1 (3.106)

Ht = Yt + βγEtλt,t+1P
ϵ−1
t+1 P

(1−ϵ)κ
t Ht+1 (3.107)

P ∗
t =

ϵ

ϵ− 1

Ft
Ht

Pt (3.108)

P 1−ϵ
t = γP

(1−ϵ)κ
t−1 + (1 − γ)(P ∗

t )(1−ϵ) (3.109)

Government:

Gt = Gµgt where µgt is exogenous shock to government spending (3.110)

Aggregate resource:

Yt = Ct +Gt + It +
ηi

2

(︃
Int + In

Int−1 + In
− 1

)︃2

(Int + In) + f(Mt) (3.111)

Y m
t = ςtYt (3.112)

(3.113)
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Central Bank:

Rn
t

R
=

(︃
Rn
t−1

R

)︃ρR[︃
Πϕπ
t

(︃
Yt

Y f
t

)︃ϕY ]︃1−ρR
exp(εRt ) (3.114)

Rn
t

EtΠt+1

= Rt+1 (3.115)

DCt = ϕDCYt (3.116)

3.B Derivation of total earning from deposit holding

∫︂ 1

0

Rd
j,t−1Dij,t−1dj =

∫︂ 1

0

Rd
j,t−1

[︃(︃
Rd
j,t−1

Rd
t−1

)︃−ϵdt
Xd
t−1 + θdSj,t−2

]︃
dj

=

∫︂ 1

0

Rd
j,t−1

(︃
Rd
j,t−1

Rd
t−1

)︃−ϵdt
Xd
t−1dj + θd

∫︂ 1

0

Rd
j,t−1Sj,t−2dj

=

∫︂ 1

0

(Rd
j,t−1)

1−ϵdt (Rd
t−1)

ϵdtXd
t−1dj + ∆d

t−1

= (Rd
t−1)

ϵdtXd
t−1

∫︂ 1

0

(Rd
j,t−1)

1−ϵdt dj + ∆d
t−1

= (Rd
t−1)

ϵdtXd
t−1(R

d
t−1)

1−ϵdt + ∆d
t−1

= Rd
t−1X

d
t−1 + ∆d

t−1

3.C Log-linearized version of the non-linear model

Household:

ϱ̂t =
βhσEt(Ĉt+1 − hĈt)

(1 − βh)(1 − h)
− σEt(Ĉt − hĈt−1)

(1 − βh)(1 − h)
(3.117)

λ̂t,t+1 = ϱ̂t+1 − ϱ̂t (3.118)

−ι(1 − βRd)X̂d
t = ϱ̂t − βRd(Etϱ̂t+1 + R̂d

t − π̂t+1) (3.119)

−ι(1 − βRdc)D̂Ct = ϱ̂t − βRdc(Etϱ̂t+1 + R̂dc
t − π̂t+1) (3.120)

ι(1 − β)m̂t = ϱ̂t + ψm(m̂t + π̂t − m̂t−1)

− βEt{ϱ̂t+1 − π̂t+1 + ψm(m̂t+1 + π̂t+1 − m̂t)} (3.121)

(1 + φ)L̂t = ϱ̂t + P̂m
t + Ŷt (3.122)
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Retail bank:(︃
1 − (1 − ρs)βθ

d

R−Rd

)︃
(RR̂t −RdR̂d

t ) = R̂d
t − ϵ̂dt +

(︃
θd

θd − γd

)︃
(γ̂dt − θ̂dt )

− (1 − ρs)βθ
d

[︃
R̂d
t+1 + θ̂dt+1 + λ̂t,t+1 − ϵ̂dt+1 +

(︃
θd

θd − γd

)︃
(γ̂dt+1 − θ̂dt+1)

]︃
(3.123)

γ̂dt = D̂t − Ŝdt−1 (3.124)

Ŝt−1 = ρsŜt−2 + (1 − ρs)D̂t−1 (3.125)

Wholesale bank:

η̂t = λ̂t,t+1 + (1 − θβZ)R̂t + θZβ(Ẑt+1 + η̂t+1) (3.126)

ν̂t = λ̂t,t+1 +
(1 − θβX)

Rk −R
[RkR̂k

t+1 −RR̂t] + θβX[X̂t+1 + ν̂t+1] (3.127)

ϕ̂t = η̂t +

(︃
ν

λ− ν

)︃
ν̂t (3.128)

Ẑt =

[︃
ϕ(Rk −R)

Z

]︃
ϕ̂t−1 +

[︃
ϕRk

Z

]︃
R̂k
t +

[︃
(1 − ϕ)R

Z

]︃
R̂t−1 (3.129)

X̂t = ϕ̂t − ϕ̂t−1 + Ẑt−1 (3.130)

Q̂k
t + K̂t = ϕ̂t + N̂t (3.131)

N̂t =
N e

N
N̂ e
t +

Nn

N
N̂n
t (3.132)

N̂ e
t = Ẑt + N̂t−1 + ϵ̂nt (3.133)

N̂n
t = Q̂k

t + K̂t−1 + ξ̂t (3.134)

(3.135)

Capital producer:

R̂k
t =

(︃
αPmY m

RkK

)︃
(P̂m

t + Ŷ m
t − K̂t−1) +

Q̂k
t

Rk
− Q̂k

t−1 −
(︃
δ

Rk

)︃
δ̂t +

(1 − δ)

Rk
ξ̂t (3.136)

(3.137)

Production:

Ŷ m
t = Ât + α(Ût + K̂t−1 + ξ̂t) + (1 − α)L̂t (3.138)

Ŷ m
t + P̂m

t = (1 + ζ)Ût + K̂t−1 + ξ̂t (3.139)

Expressing the deposit spread: Define µdt =
rdt
rt

as the deposit markdown on the risk-free
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interest rate. Then the deposit spread equation becomes

1 − µdt =

(︃
µdt
ϵdt

)︃(︃
γt

θdt − γt

)︃
− θdt+1(1 − ρs)βEtλt,t+1

(︃
rt+1

rt

)︃(︃
µdt+1

ϵdt+1

)︃(︃
γt+1

θdt+1 − γt+1

)︃
Log-linearization around the deterministic steady state obtains

[1 − βθd(1 − ρs)]

(︃
µd

µd − 1

)︃
µ̂dt = (µ̂dt − ϵ̂dt ) +

1

θd − γ
(γ̂t − θ̂dt )

− β(1 − ρs)

(︃
θd

θd − 1

)︃{︃
θ̂dt+1 + λ̂t,t+1 + µ̂dt+1 − ϵ̂dt+1

+ r̂t+1 − r̂t + θd(γ̂t+1 − θ̂dt+1)

}︃

[1 − βθd(1 − ρs)]

(︃
µd

µd − 1

)︃
µ̂dt − µ̂dt = (−ϵ̂dt ) +

1

θd − 1
(γ̂t − θ̂dt )

− β(1 − ρs)

(︃
θd

θd − 1

)︃{︃
(1 − θd)θ̂dt+1 + λ̂t,t+1 + µ̂dt+1 − ϵ̂dt+1 + r̂t+1 − r̂t + θd(γ̂t+1)

}︃

µd
[︃

1

(1 − θd)ϵdt
− 1

]︃
µ̂dt =

+
µdθd

ϵdt (θ
d − 1)2

{γ̂t − β(1 − ρs)θ
dγ̂t+1}

+
µdθd

ϵdt (θ
d − 1)2

[︃
(1 − ρs)βθ̂

d
t+1 − θ̂dt

]︃
− β(1 − ρs)

(︃
µd

ϵdt

)︃(︃
θd

θd − 1

)︃
λ̂t,t+1

− β(1 − ρs)

(︃
µd

ϵdt

)︃(︃
θd

θd − 1

)︃
(r̂t+1 − r̂t)

− β(1 − ρs)

(︃
µd

ϵdt

)︃(︃
θd

θd − 1

)︃
µ̂dt+1

+

(︃
µd

ϵdt (θ
d − 1)

)︃[︃
(1 − ρs)βθ̂

dϵ̂dt+1 − ϵ̂dt

]︃
or,
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[1 − (1 − θd)ϵdt ] µ̂
d
t =

+
θd

1 − θd
{γ̂t − β(1 − ρs)θ

d γ̂t+1}

+
θd

1 − θd

[︃
(1 − ρs)β θ̂

d
t+1 − θ̂dt

]︃
+ β(1 − ρs)θ

d λ̂t,t+1

+ β(1 − ρs)θ
d (r̂t+1 − r̂t)

+ β(1 − ρs)θ
d µ̂dt+1

+

[︃
ϵ̂dt − (1 − ρs)βθ

d ϵ̂dt+1

]︃
(3.140)
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3.D Additional tables

Variable ψDC=0.02 (1) ψDC=0 (2) Difference (1)-(2)

Yt 0.875397 0.877053 -0.001656
Y m
t 0.875397 0.877053 -0.001656

Kt 6.21677 6.25248 -0.03571
It 0.155419 0.156312 -0.000893
Ct 0.529578 0.544605 -0.015027
Gt 0.175079 0.175411 -0.000332
Rk

t 1.01032 1.01018 0.00014
Rt 1.00782 1.00768 0.00014
Nt 1.55419 1.56312 -0.00893
Ne

t 1.53689 1.54552 -0.00863
Nn

t 0.0172991 0.0176039 -0.0003048
νt 0.00334883 0.00332823 0.0000206
ηt 1.35 1.34152 0.00848
∆νt 1.01782 1.01768 0.00014
∆ηt 1.01782 1.01768 0.00014
Zt 3.77016 3.85808 -0.08792
Dt 4.66258 4.68936 -0.02678
DCt 1.20915 1.25936 -0.05021
Mt 0.264466 0.269301 -0.004835
rt 0.00781657 0.0076813 0.00013527
rdt 0.00365525 0.00359199 0.00006326
St 4.66258 4.68936 -0.02678
Xt 1.77178 1.78196 -0.01018
SPRDt 0.00416132 0.0040893 0.00007202

Table 3.2: Comparison of steady-state values for ψDC = 0.02 and ψDC = 0. Highlighted
rows indicate an increase in values due to the introduction cost of CBDC.



135 Depositor-banker Relationship and CBDC

Table 3.3: Steady-state ratios and levels across CBDC policy regimes

Ratio / Variable Interest
rate rule:
rdc = 0

Interest
rate rule:
rdc = 0.01r

Interest
rate rule:
rdc = 0.1r

No CBDC:
ϕdc = 0

Quantity
rule:

ϕdc = 0.3443

Quantity
rule: ϕdc =
2× 0.3443

C/Y 0.6389 0.6390 0.6404 0.6319 0.6381 0.6414

I/Y 0.1610 0.1609 0.1595 0.1679 0.1618 0.1585

G/Y 0.2000 0.2000 0.2000 0.2000 0.2000 0.2000

QkK/N 4.0000 4.0000 4.0000 4.0000 4.0000 4.0000

D/N 3.0000 3.0000 3.0000 3.0000 3.0000 3.0000

Credit spread (%) 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000

Policy–deposit spread
(%)

2.4371 2.4437 2.5137 2.0984 2.3947 2.5682

Policy–CBDC spread
(%)

4.5778 4.5444 4.2495 334.5930 4.8178 4.0744

Cash/Y 0.3437 0.3404 0.3060 0.5381 0.3656 0.2807

CBDC/Y 0.4197 0.4321 0.5703 0.0000 0.3443 0.6886

Deposits/Y 4.8301 4.8262 4.7859 5.0357 4.8549 4.7549

Z/Y 2.7958 2.8095 2.9594 2.2140 2.7112 3.0848

Bond interest rate 1.0101 1.0101 1.0101 1.0101 1.0101 1.0101

Central bank profit 0.0064 0.0065 0.0068 0.0046 0.0062 0.0070

Total govt. bonds 4.3622 4.4118 4.9844 3.1387 4.0668 5.4960

CB bond holding 0.6369 0.6441 0.7277 0.4582 0.5937 0.8024

HH bond holding 3.7253 3.7677 4.2566 2.6804 3.4730 4.6936

Tax 0.2045 0.2049 0.2096 0.1974 0.2021 0.2140

Tax parameter 0.0469 0.0464 0.0421 0.0629 0.0497 0.0389

CB bond share 0.1460 0.1460 0.1460 0.1460 0.1460 0.1460

Notes: All spreads are annualized percentage points. All ratios are relative to steady-state output Y .
Values rounded to four decimals from the model’s numerical steady state.

3.E Additional figures

3.E.1 IRFs for 4 different models
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Figure 3.22: Impulse response function of some selected variables of the model to 1 s.d.
negative TFP shock. Deviations are measured in percentage

3.E.2 IRFs for different values of θd
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Figure 3.23: Impulse response function of some selected variables of the model to 1 s.d.
positive shock to elasticity of substitution of liquidity instruments in the CES bundle.
Deviations are measured in percentage
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Figure 3.24: Impulse response function of some selected variables of the model to 1 s.d.
negative government spending shock. Deviations are measured in percentage
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Figure 3.25: Impulse response function of some selected variables of the model to 1 s.d.
negative shock to bank’s net worth. Deviations are measured in percentage
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Figure 3.26: Impulse response function of some selected variables of the model to 1 s.d.
negative TFP shock for different values of θd. Deviations are measured in percentage
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Figure 3.27: Impulse response function of some selected variables of the model to 1 s.d.
negative government spending shock for different values of θd. Deviations are measured
in percentage
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Figure 3.28: Impulse response function of some selected variables of the model to 1 s.d.
negative capital quality shock for different values of θd. Deviations are measured in
percentage
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Figure 3.29: Impulse response function of some selected variables of the model to 1 s.d.
negative shock to the net worth of banks for different values of θd. Deviations are measured
in percentage



Depositor-banker Relationship and CBDC 144



145 Optimizing the Calibration of ABMs through Reinforcement Learning

Chapter 4

Optimizing the Calibration of ABMs

through Reinforcement Learning1

4.1 Introduction

Over the past decade, the reach and scope of agent-based models (ABMs) in macroe-

conomics and finance have expanded at a remarkable pace. The continuous progress in

computer hardware and software is only one of the reasons. The AB approach, in fact,

attracts interest essentially for its granularity and flexibility, features that allow it to in-

vestigate the consequences on macroeconomic outcomes of complex interactions among

heterogeneous agents in a bounded rationality setting.

But flexibility is both a blessing and a curse. From the point of view of theory, the

critics argue that there are too many degrees of freedom in building ABMs and there-

fore too many widely different models of the same phenomenon. 2 The AB approach

has been criticized also for excess flexibility in empirical validation. According to this

critique, ABMs are characterized by too many parameters, which are set by means of

debatable calibration procedures. In this paper we focus on this critique and propose a

new calibration technique that makes use of recent advances in artificial intelligence.

The calibration of ABMs has a long history (Fagiolo et al. (2007)) but interest in this

issue has grown remarkably in recent times due to ever-increasing data abundance. The

exploitation of large amounts of real data is a promising path to address the problem

of ABM flexibility in calibration by appropriately restricting it in a data-driven and

systematic manner (Axtell and Farmer (2022)).

A common challenge of all calibration frameworks is the need to efficiently search for

1This chapter is co-authored with Aldo Glielmo, Marco Favorito, and Domenico Delli Gatti and has been
published as Glielmo et al. (2023).

2 See Dawid and Delli Gatti (2018) for a discussion of this issue.
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optimal parameter combinations in high-dimensional spaces, a problem made particularly

arduous by the high computational cost of state-of-the-art ABM simulations. This is why

several heuristic search methods have been proposed in the ABM literature. For instance,

Lamperti et al. (2018) proposes the use of machine learning surrogates, specifically in the

form of XG-boost regressors, to generate promising parameter combinations by interpo-

lating the results of previously computed ABM simulations. Angione et al. (2022) expand

on this idea and test the ability of several machine learning surrogate algorithms, such

as Gaussian processes, random forests, and support vector machines, to reproduce ABM

simulation data.

Taking advantage of the progress made so far, in this paper we propose a new calibra-

tion technique articulated in three stages: (i) A machine learning-based search method

suggests a set of parameters to explore; (ii) we run a large number of simulations for each

selected parameter; (iii) by means of a loss function, we measure the goodness of fit of

the simulations with respect to the empirical time series. Iterating this procedure allows

us to find numerical parameters corresponding to progressively lower loss values, and the

parameter corresponding to the lowest loss value can be considered optimal.

We test our methods on a well-known macroeconomic ABM (Assenza et al. (2015)),

which we will refer to as the ADG model. The main results of our computational explo-

ration are the following:

• The macroeconomic ABM considered can be efficiently calibrated to reproduce a

variety of real time series.

• Methods based on random forest machine learning surrogates are particularly effec-

tive searchers in the highly non-convex and discretely changing loss function induced

by ABMs.

• Combining together different search methods almost always provides better overall

performance. This mixed search method is a convenient heuristic in the calibration

practice.

• Reinforcement-learning techniques can be effectively leveraged to automatically ag-

gregate any number of search methods into a mixed method, allowing for superior

performances with respect to standard aggregation strategies.

The rest of the paper is organized as follows. After a concise review of the literature

(section 4.2), in section 4.3 we overview the ADG model (an extended description is pro-

vided in Appendix 4.A). Section 4.4 is devoted to a description of the calibration technique

considered and the search methods that we employ individually and in combination. In

Section 4.5 we describe our benchmarking experiments and the results obtained, while in

section 4.6 we describe the reinforcement learning scheme we propose to automatically

combine existing methods and demonstrate its performance. In Section 4.7 we verify
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that the calibrated model reproduces the target real data and that our findings hold well

against changes in the model and in the loss function. 3. In Section 4.9 we conclude.

4.2 Related literature

AB macroeconomics has grown rapidly in the last two decades (see Dawid and Delli Gatti

(2018) for an extensive survey), attracting interest (and skepticism) in the profession.

ABMs have also become mature enough to be adopted and used within central banks

and other financial institutions, albeit for specific research tasks and specific markets

(Plassard et al. (2020), Turrell (2016)).4 These successes have revived interest in the issue

of empirical validation so that in the last decade a sizable number of new papers have

been published that propose new estimation, forecasting, and calibration techniques.

The (arduous) problem of parameter estimation in ABMs has been approached mostly

via the method of simulated moments (Franke (2009), Gilli and Winker (2003), Grazzini

and Richiardi (2015)), which essentially consists in minimizing a measure of distance

between summary statistics of real and simulated time series. More recently, Grazzini

et al. (2017) and Platt (2021) have put forward and successfully tested approaches based

on maximum likelihood or Bayesian statistics. In a recent paper, Platt (2020) compares

and contrasts ABM estimation techniques to find that the Bayesian estimation method

generally outperforms alternative procedures.

As to forecasting, Delli Gatti and Grazzini (2020) provides one of the first attempts

at forecasting based on simulations of an ABM (the ADG model). In their exercise,

however, a statistical VAR model outperforms simulations-based forecasting. Poledna

et al. (2023a) have broken the spell. Their simulation-based technique has outperformed

other structural models and statistical models in out-of-sample forecasting for the first

time.

We now turn to calibration, which is the focus of the present paper. Lamperti et al.

(2018), building on the work of Conti and O’Hagan (2010), propose the use of machine

learning surrogates – specifically in the form of XG-boost regressors – to generate promis-

ing parameter combinations by interpolating the results of previously computed ABM

simulations. Along the same lines, Angione et al. (2022) test the ability of several ma-

chine learning surrogates, such as Gaussian processes, random forests, and support vector

3For this work we made extensive use of Black-it Benedetti et al. (2022), an open source calibration kit
for ABMs available at https://github.com/bancaditalia/black-it

4A particularly noteworthy application domain is the modelling of the housing market, pioneered by the
Bank of England Baptista et al. (2016) and later studied by many other central banks Carro (2022),
Catapano et al. (2021), Cokayne (2019), Méro et al. (2022). Other successful applications can be found
in the modelling of financial stability Bookstaber et al. (2014), Covi et al. (2020), or of the banking
sector Chan-Lau (2017).

https://github.com/bancaditalia/black-it
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Figure 4.1: Agents and markets in the ADG model. Agent groups are represented by green
ovals and markets by yellow rectangles. The grey rectangle represents the corporate sector
consisting of C- and K-firms.

machines, to reproduce ABM simulation data. Platt (2020) instead proposes particle

swarm samplers Kaveh (2017), Stonedahl (2011), as well as the search heuristic of Knysh

and Korkolis (2016). Research efforts in this direction have often focused on the introduc-

tion of new calibration methods for certain types of ABMs (Farmer et al. (2022), Franke

(2009), Grazzini et al. (2017), Knysh and Korkolis (2016), Lamperti (2018), Platt (2021),

Stonedahl (2011)).

As we focus particularly on the calibration of the ADG model, our work can greatly

benefit from a direct comparison with Delli Gatti and Grazzini (2020), in which the au-

thors test a Bayesian calibration method on the same task attempted here. The present

contribution is strongly related to the previous work Benedetti et al. (2022), where com-

binations of search methods are also proposed and tested, but it crucially extends it by

focusing on a state-of-the-art ABM rather than on a set of toy-models, and by proposing

a novel reinforcement learning technique to intelligently combine search methods.

4.3 The ADG model

The ADG model consists of four classes of agents: households, final-goods-producing

firms (C-firms), capital-producing firms (K-firms), and banks. Figure 5.1 illustrates these

classes of agents and the markets through which they interact. There are NH households

that fall into two categories: NW workers and NF firm owners. There are NF firms that

fall into two categories: Nk
F producers of capital goods (K-firms) and N c

F producers of

consumption goods. The number of active firms may change over time due to entry

and exit but never exceeds NF . The banking system is represented by a single bank,

collectively owned by firm owners.

A household indexed with h ∈ (1, NW ) is a worker. Workers can be either economically

active or inactive. Each active worker supplies 1 unit of labor inelastically. If employed,
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they receive a uniform wage and pay a fraction of this wage to the government. A

household indexed with h = NW + f is the owner of the f -th firm, f = 1, 2, ..., NF .

The income of this household consists of dividends, which are equal to a fraction of the

after-tax profit of the firm owned by that household. The firm pays out dividends only if

profits are positive. In addition, all households receive interest income on deposits held

at the bank, which represent the only financial asset owned by households.

The consumption budget – essentially planned expenditure – of the household is given

by a weighted average of past disposable incomes and a fraction of its financial wealth

(deposits). The parameters ξ and χ and the tax rate tw show up in the equation of

the consumption budget (see appendix). The household/consumer shops at a limited

number of C-firms and starts to purchase goods from the firm that charges the lowest

price. Shopping goes on until the budget is completely exhausted.

C-firms indexed with f ∈ (1, N c
F ) set their price and desired scale of activity under

uncertainty. Two rules of thumb govern price changes and quantity changes, respectively.

Excess demand and the difference between the price set by the firm Pf,t and the average

price Pt dictate the direction of price adjustment: the firm will increase (reduce) the

price next period if it has registered excess demand (supply) and has underpriced (over-

priced) the good in the current period. Otherwise it will leave the price unchanged. The

magnitude of price adjustments is stochastic and ranges between zero and η̄.

Both the direction and the magnitude of quantity adjustment are determined by ex-

cess demand. The firm will reduce inventories (at the rate δk) or increase production

next period if it has registered excess demand in the current period; it will downsize pro-

duction if it has registered excess supply (i.e., involuntary inventory accumulation). The

parameters ρ show up in the quantity adjustment heuristic.

Technology is represented by a Leontief production function, the arguments of which

are capital and labor. Once a decision has been taken on desired output, a firm determines

how much capital and labor it needs to reach that level of activity.

We assume that a fraction γ of C-firm carries out investment in any given period. The

investing firm calculates average capital stock by means of an adaptive algorithm based

on a memory parameter ν. The firm purchases new capital goods so as to reach a target

capital stock that is somehow proportional to the average capital stock.

Firms experience a financing gap when their costs (to pay wages and capital goods)

are greater than their liquidity. In this case the firm goes to the bank and asks for a loan.

The credit line the bank is willing to extend depends on the bank’s leverage ζ. The bank

sets the interest rate on loans, adding a markupµ to the risk-free interest rate. In every

period, borrowers repay a fraction θ of their outstanding loans.

In the interest of space, we do not describe the details of the model here but report
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them in Appendix 4.A. We also refer the interested reader to Assenza et al. (2015) for an

in-depth exposition.

4.4 Calibration

In the previous section we mentioned 11 parameters that characterize the model. The

parameters are listed in table 4.1 together with the range of their admissible numerical

values. The calibration procedure we propose is organized in three steps. First we use a

search method (a sampler hereafter) to obtain a set of numerical values for the parameters

(a calibration). Then we carry out a number of simulations for each calibration. Finally,

we use a loss function to measure the efficiency of the calibration, i.e., the goodness of

fit of the simulated time series with respect to the empirical time series. By iterating

these three steps, we find sets of numerical values of the parameters corresponding to

progressively lower values of the loss function. The set of numerical values corresponding

to the lowest value of the loss function can be considered the optimal (most efficient)

calibration.

In order to calibrate AB models, it is straightforward to adopt the Method of Simulated

Moments (MSM). This method is based on the representation of the real economy and the

artificial economy (the model) by means of the statistical moments of the distributions of

the observed and artificial data. MSM consists in minimizing the distance between the

moments of the distributions of the data generated by these two economies (McFadden,

1989; Pakes and Pollard, 1989). We write the period-t values of the macroeconomic

variables generated by each simulation in compact form as follows:

yt = F (Ψt;θ)

where yt is the D×1 vector of period-t values of D macroeconomic variables. In our case,

D = 5 as we follow Delli Gatti and Grazzini (2020) and calibrate the model using the

time series of GDP, personal consumption, gross private investment (all in real terms), the

implicit GDP deflator (price level), and the civilian unemployment rate. F (.) represents

the model, Ψt are all the random shocks from period 0 to the current period, and θ is

the k× 1 vector of numerical values of the parameters used in the simulation. In our case

k = 11.

The total number of simulated periods (ignoring the transient period) is T . We sim-

ulate the model for 1100 periods and discard a transient of 300 periods so that T = 800

in our case. The simulation output of the model is represented by the D × T matrix

of simulated data Y = [y1,y2, ...,yT ]. The statistical properties of the time series gen-

erated by the model depend on the parameters in θ and on the random seed s govern-
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ing the set of random shocks Ψt.
5 With a slight abuse of notation, therefore, we can

characterize the matrix of simulated data as Y = Y(θ, s). We simulate the model S

times with the same parameter values but S different random seeds, obtaining a matrix

Y(θ, s) = [Y(θ, s1),Y(θ, s2), ....,Y(θ, sS)] of D stacked time series each with a length of

T × S periods. We will refer to Y(θ, s) as the ensemble distribution, and we will use it

to describe the behavior of the model as a function of θ in the calibration procedure.

From Y(θ, s) we compute the simulated moments of the distributions of the D vari-

ables. We use the following Loss function (often called distance in the AB literature) for

all calibrations: 6

L =
1

D

D∑︂
d=1

gT
dWdgd, (4.1)

where gd is the (column) vector of differences between the real (empirical) and the sim-

ulated moments of the one-dimensional time series d (e.g., GDP), and Wd is D ×D the

weighting matrix.

We consider the following moments and statistical measures: mean, variance, skewness,

and kurtosis of each variable in levels; autocorrelations of the levels at increasing time

lags; mean, variance, skewness, and kurtosis of each variable in first differences; and au-

tocorrelations of the differentiated time series.

Different choices for the weighting matrices Wd have been proposed in the literature

(Franke (2009), Franke and Westerhoff (2012)). In this paper, we define Wd as a diagonal

matrix with elements (Wd)ii inversely proportional to the square of the real i-th moment

of the one-dimensional time series d. This choice guarantees that the same weight is given

to all moments considered, independently of the different scales or units of measure that

the different moments might have.

Therefore, the scalar gT
dWdgd is the weighted sum of squared differences between the

empirical and the simulated moments of variable d. As a consequence, the loss is the mean

of the weighted sums of squared differences (between the empirical and the simulated

moments) computed across dimensions (number D of macroeconomic variables). The

lower the loss, the more efficient is the calibration process.

Since we use a common loss function for all calibrations, the only difference between

the calibration runs is the choice of the search method. We consider five search methods,

all of which are implemented in Black-it Benedetti et al. (2022), an open-source library for

ABM calibration: 7 Our baseline is the Halton sampler, which is close to a pure random

search method. Three of the four non-baseline search methods are machine learning

surrogate samplers. These samplers are “adaptive” search methods because they make

5We abstract for simplicity from the role of initial conditions.
6For similar applications of MSM, see Chen and Lux (2018), Franke (2009).
7 https://github.com/bancaditalia/black-it

https://github.com/bancaditalia/black-it
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use of the information gathered from previous explorations of the parameter space in

order to continue searching in the vicinity of the locally optimal parameters. The fourth

non-baseline sampler is a genetic algorithm. In the following, we describe these methods

better.

Halton sampler (H). This sampler suggests points according to the Halton series (Hal-

ton (1964), Kocis and Whiten (1997)). The Halton series is a low-discrepancy series

providing a quasi-random sampling that guarantees an evenly distributed coverage of the

parameter space. Since this method is very close to a purely random search, we use it as

the baseline method. Random forest sampler (RF). This machine learning surrogate

sampler interpolates the previously computed loss values using a random forest classifier

(Bajer et al. (2015)), and suggests parameters in the vicinity of the lowest values of the

interpolated loss surface. We use a random forest classifier with 500 independent estima-

tors (“trees”) and use 10 classes chosen as the 10 quantiles of the distribution of evaluated

losses.

XG-boost sampler (XB). This machine learning surrogate sampler interpolates loss

values using an XG-Boost regression (Chen and Guestrin (2016)), as proposed in Lamperti

et al. (2018). We use a learning rate of 0.1, a maximum tree depth of 5, and 10 estimators.

Gaussian process sampler (GP). This machine learning surrogate sampler interpolates

loss values using a Gaussian process regression (Conti and O’Hagan (2010), Rasmussen

(2004)). We use a Matérn covariance function with ν = 5/2 and with the length scale

optimized at every iteration via maximum marginal likelihood.

Best batch sampler (BB). This sampler is a genetic algorithm (Stonedahl (2011))

that takes the parameters corresponding to the current lowest loss values and perturbs

them slightly in a purely random fashion to suggest new parameter values to explore.

The random perturbation is specifically obtained by first selecting a random subset of

dimensions and then changing the parameter value along those dimensions uniformly but

within a short range (plus/minus 0.006 in our case).

4.5 Benchmarking experiments

Similarly to Delli Gatti and Grazzini (2020), we calibrate the model using the time series

of GDP, personal consumption, gross private investment (all in real terms), the implicit

GDP deflator, and the civilian unemployment rate for the USA from 1948 to 2019, down-

loaded from the FRED database( McCracken and Ng (2016)). To make simulated and

observed data comparable, we remove the trend component from GDP, consumption,

and investment using an HP filter (Ravn and Uhlig (2002)); and we use simulated and

observed price levels to compute de-meaned inflation rates.
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Figure 4.2: Top graphs: Loss as a function of the number of model evaluations for the
single methods (left), and for couples of methods (middle and right). Bottom table:
Means and standard errors of the lowest losses achieved by the different strategies. Note
that these results are directly comparable with those shown in Figure 4.3 and discussed
in the next section, as both x and y axes have identical ranges.

In Table 4.1 we list the parameters considered for calibration and the range of nu-

merical values each parameter can assume. Each simulated time series consists of 800

time-steps generated by running the model for 1100 time steps and discarding the first

300.8 For each combination of the parameters, we perform 5 simulations (with different

random seeds). We label this set of 5 simulations a model evaluation. We consider 3600

combinations of parameter values, and for each combination we get a model evaluation.

We label this set of 3600 model evaluations a calibration run. A calibration run then con-

sists of 3600 × 5 = 18000 simulations. Using the five samplers described in the previous

section and the 6 combinations of any two non-baseline samplers, we obtain 11 search

methods. For each search method, we perform 3 independent calibration runs. Therefore,

for each search method, we run 18000 × 3 = 54000 simulations. Considering the whole

set of search methods, therefore, we reach the number of 54000 × 11 = 594000 simula-

tions. This makes up a total of more than 50 days of CPU time, which we were able to

compress in less than two days by leveraging parallel computing both within and between

calibrations.

Figure 4.2 shows the cumulative minimum loss achieved by the different sampling

strategies as a function of the number of model evaluations performed. The lines and

the shaded areas indicate averages and standard errors over 3 calibration runs of the

8 In 4.B we provide evidence that a transient of 300 simulation periods is sufficient to generate persistent
dynamic patterns.
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Param. Description Range

ξ Memory parameter in consumption 0.5-1
χ Wealth parameter in consumption 0-0.5
ρ Quantity adjustment coefficient 0-1
η̄ Price adjustment coefficient 0-1
µ Bank’s gross mark-up 1-1.5
ζ Bank’s leverage 0-0.01
δk Inventories depreciation rate 0-0.5
γ Fraction of investing C-firms 0-0.5
θ Rate of debt reimbursement 0-0.1
ν Memory parameter in investment 0-1
tw Tax rate 0-0.4

Table 4.1: Parameter descriptions and their corresponding ranges.

experiment. Single samplers are shown in the left graph, while couples of samplers are

reported in the middle graph as well as –zoomed– in the right graph. The table at the

bottom of the graphs reports the minimum loss achieved by the different methods.

Single samplers. When samplers are taken in isolation, the random forest sampler (RF)

clearly outperforms all other methods, the XG-boost sampler (XB) is the second best,

and the Gaussian process sampler (GP) is substantially worse than the other two machine

learning surrogate samplers. The low performance of the GP sampler can be ascribed

to the smoothness and regularity assumptions inherent in Gaussian process regression

models, assumptions that are not present in random-forest or XG-boost models and not

suited to describe the roughed and complex loss landscape of ABM calibrations. The

best batch sampler (BB) performs very poorly in isolation and underperforms even in

comparison with the baseline H sampler. This is not surprising, since the BB sampler

can only propose small perturbations around current loss minima and can thus easily

remain stuck in one of the many local minima of the highly non-convex landscape typical

of ABMs loss functions.

Coupled samplers. All the samplers listed above are characterized by intrinsic sam-

pling biases that can hinder their performance in the long run and make them converge to

suboptimal solutions. We therefore explore the effects on the efficiency of the calibration

process of fixed scheduling strategies, i.e., combinations of two different samplers employed

in naive alternation (also known as round robin combinations). We find that these strate-

gies can strongly mitigate the above-mentioned biases. The efficiency-enhancing effect of

mixed methods can be observed in the second and third panels of Figure 4.2: combina-

tions of methods perform on par or better than the best single samplers (RF and XB)

with the only exception of the (XB,GP) pair. Interestingly, the best overall performances

are achieved by coupling one machine learning surrogate sampler with the genetic BB

sampler. The (RF,BB) and (XB,BB) combinations are particularly effective and achieve
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the lowest loss values.

We summarize the output of simulations so far in the following result.

Result 1 Among the search methods taken in isolation, two machine learning surrogate

samplers, RF and XB, stand out as particularly well suited to efficiently search in the

parameter space of the considered ABM.

The performance of the RF or XB samplers can be significantly improved if each one

is used in round-robin combination with the BB sampler, i.e., with the genetic sampler.

The success of the RF and XB samplers can be ascribed to the capability of the machine

learning surrogates to correctly approximate high-dimensional and possibly discontinuous

functions in the absence of regularities. 9

The improvement in efficiency recorded when a machine learning surrogate is cou-

pled with the genetic algorithm may be due to the fact that the combined use of these

(very different) search methods can offset the sampling biases of each of the individual

search methods. In fact, combinations of two machine learning surrogates do not yield

comparable improvements since they both follow similar procedures.

The results presented so far can already offer useful guidance for researchers interested

in calibrating medium- and large-scale ABMs, as they provide an easy recipe to boost

calibration efficiency by simple alternation of existing search methods. In the next section,

we move a step forward and consider the combination of multiple methods in a more

general setting, going beyond the simple scenario of a “round-robin” selection.

4.6 Reinforcement learning

Result 1 shows that the combination of different types of sampling methods can increase

the efficiency of the calibration process even if the samplers are naively alternated during

the searching process. It is reasonable to conjecture that a more sophisticated – and more

flexible – scheduling strategy in the employment of combined search methods could lead

to even more efficient calibrations.

The desirable scheduling strategy should be characterized by adaptivity, i.e., it should

be able to choose the sampling method that has more chances to pick in t an efficient

set of parameter values, taking into account the progress of the calibration process until

t-1. To devise a desirable scheduling strategy, therefore, we must conceive the calibration

of the ABM – i.e., the choice of the set of numerical values for the parameters – as a

Reinforcement Learning (RL) problem: the AB model builder, in its role of decision-maker

who wants to optimize the calibration process, must devise a flexible scheduling strategy

9This result is in line with the claim in Lamperti et al. (2018).
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that chooses at each time step the action (search method) that is most “promising” –

i.e.,that is likely to sample a set of parameter values associated to a lower loss. Key

in the application of RL to the calibration of ABMs is the feedback that the decision-

maker receives and exploits concerning the effects of the search method in the form of a

reward signal computed from the sampled loss function values. This is what makes the

scheduling strategy adaptive: search methods that provide loss reductions more often are

more rewarding in the eyes of the decision-maker, and they have more chances of being

chosen in the next calibration step. On the other hand, whenever a search method does not

show to be rewarding anymore, the decision-maker may switch to another search method.

Adopting the terminology of control theory (Dorf and Bishop (2008)), fixed scheduling

strategies, such as the round robin combinations of two samplers explored in the previous

section, are open-loop, i.e., they do not change regardless of their performance. On the

contrary, RL-based scheduling strategies are closed-loop, because the preferred sampling

methods can change on the basis of the feedback received by the decision maker.

To be specific, we frame the calibration process as a multi-armed bandit (MAB) prob-

lem (Auer et al. (2002a), Berry and Fristedt (1985), Gittins et al. (2011), Katehakis and

Veinott Jr (1987), Lattimore and Szepesvári (2020), Weber (1992)), a classic problem in

the field of reinforcement learning and sequential decision-making. In a MAB, the decision

maker has to choose one action in a set of possible actions with the goal of maximizing

the cumulative reward of these actions over a series of trials (a sequence of time steps).

At each time step, the decision maker must choose which action to adopt and observe the

resulting reward. Crucially, the decision maker does not know the true reward probabil-

ity of each action. This setting exemplifies the exploration–exploitation trade-off (Sutton

and Barto (2018)). The challenge for the decision maker is to balance the exploration of

potentially more rewarding actions (i.e., gathering information about their payoffs) and

the exploitation of actions that have shown promising rewards so far. The goal is to

find the optimal strategy that maximizes the long-term reward by effectively trading off

exploration and exploitation.

There are different specifications of the multi-armed bandit problem, such as the

stochastic bandit problem (where the rewards of each action are randomly generated

from a distribution) and the contextual bandit problem (where additional contextual in-

formation is available to inform the action selection). We will use a contextual MAB

algorithm momentarily.

In our setting the decision maker is the AB model builder, the actions are the sampling

methods, and the reward signals are loss improvements. To be specific, we define the
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reward at time t as the percent improvement achieved over the previous best loss,

Rt = max{0,
L∗
t−1 − Lt
L∗
t−1

} (4.2)

where Lt is the loss obtained for the simulations sampled at time t, and L∗
t−1 is the best

loss sampled up to time t− 1. Note that it Rt is a random variable because it Lt depends

on the simulated time series generated by the ABM and the chosen parameter vector.

As in most of the MAB problems, the goal for the decision maker is to maximize the

cumulative sum of rewards,

SN =
N∑︂
t=1

Rt, (4.3)

where N is the number of calibration steps.

Differently from the usual MAB setting, the reward probability distribution associated

with each sampler is non-stationary. Non-stationarity is the most general assumption one

can make concerning the behavior of reward probability distributions in MABs (Auer

et al. (2002b)). In our case, the non-stationarity assumption is due to the lack of knowl-

edge on both the ABM and the samplers’ behaviors. Stationarity for our MAB can be

written as follows: ∀t : pt(R|sampler) = p(R|sampler) where pt(R|sampler) is the condi-

tional probability of getting reward R when the decision-maker chooses a given sampler.

This condition is never satisfied because, for any sampler, the probability of reducing

the loss decreases over time time (it is increasingly difficult to decrease the loss as the

calibration progresses). At the end of a calibration, all the methods – even the best ones

– stop providing any improvement in the loss, and hence the reward distributions become

progressively more peaked around zero.

In the following, we test our MAB framework in two experiments. First, in the offline-

learning experiments, we let the decision maker learn from the previously executed cal-

ibrations of Section 4.5. Then, in the online-learning experiments, we let the decision

maker interact with the environment and optimize its policy on-the-fly during each cali-

bration.

4.6.1 Offline experiments.

In this section, we train a MAB decision maker over past calibration histories (those

considered in Figure 4.2). More precisely, we identify the actions with the search methods

considered in Section 4.5 and process them as if they were observed by a MAB algorithm.

This approach allows to estimate the expected gain of each method, and therefore provides

information on the effectiveness of the method in the specific calibration task.

In the context of MAB problems, the procedures to estimate the values of (previous)
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Sampler Single samplers only All data High L∗
t Low L∗

t

RF 0.25 0.27 1.3 0.052
XB 0.23 0.23 0.61 0.033
GP 0.21 0.17 0.26 0.068
BB 0.11 0.23 0.28 0.18
H 0.20 0.20 0.24 N.A.

Table 4.2: Estimated Q functions for the different search methods under different sce-
narios. The column entitled Single samplers only uses only the calibrations obtained by
means of single search methods (those of the panel on single search methods of figure 4.2).
The column entitled All data uses all calibrations (both the panel on single search meth-
ods and that of coupled methods in figure 4.2). The column high L∗

t uses all calibration
but only actions taken when the loss is above the median loss. The column low L∗

t uses
all calibration but only actions taken when the loss is below the median loss. Results are
reported on a scale of 10−3.

actions and to select the (current) action on the basis of these estimates go under the

name of action-value methods (Sutton and Barto (2018)). Let Qt(a) be the value of

action be, a i.e., in our context, the value of using a specific search method in period t

during a calibration. One natural way to estimate such value is by averaging the rewards

actually received while using a:

Qt(a) =

N∑︁
t=1

Rt · 1At=a

N∑︁
t=1

1At=a

, (4.4)

where At is the type of action chosen at step t and 1At=a is an indicator function that

takes value 1 if the the chosen action is a, zero otherwise. The numerator of the fraction

above is the sum of rewards when action a is taken prior to t while the denominator is

the number of times action a is taken. This approach is often called the sample-average

method (Sutton and Barto (2018)).

The first two columns of Table 4.2 show the estimates Q when only the single sampler

calibrations are considered (“Single samplers only” column) and when all calibrations are

considered (“All data” column). Not surprisingly, the RF sampler reaches the highest

Q value in both columns, and the results of the “Single samplers” column replicate the

ranking of samplers of the first panel of Figure 4.2. Interestingly, the value of the BB

sampler dramatically increases when all data are considered, confirming the analysis car-

ried out in the previous section on the efficiency-enhancing effect of using the BB sampler

in combination with a machine learning surrogate sampler.

The third and fourth columns of Table 4.2 offer additional insights. In these columns,

we restrict the estimation of the Q-value to actions performed in one of two different
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Figure 4.3: Top graphs: (left and middle) Loss as a function of the number of model eval-
uations for the RL scheme with different choices of parameters and for a naive alternation
of the samplers, (right) the specific samplers (‘actions’) selected by the RL scheme with
parameters ϵ = 0.1 and α = 0.1 during the 900 periods of a calibration for each of the 3
independent runs, to be read from left to right, from top to bottom, note that each epoch
provides 4 model evaluations. Bottom table: Means and standard errors of the lowest
losses achieved by the RL scheme. These results can be compared directly with those of
Figure 4.2 as they have identical ranges on both x and the y axes.

‘states’, characterized by the best loss L∗
t being either above the median (High L∗

t column)

or below the median (Low L∗
t column). Models of this kind, where the actions of a MAB

decision maker depend on one or more states (in this case high/low L-value) are known

as contextual MABs Langford and Zhang (2007), Li et al. (2010).

The results clearly indicate that when the loss is high (a situation that typically

occurs at the beginning of the calibration) the optimal (value-maximizing) action is the

RF sampler, but when the loss is low (typically at the end of the calibration) the optimal

action becomes, by far, the BB sampler. The analysis performed so far can be summarized

in the following.

Result 2 The ranking of single search methods emerging from the selection process pur-

sued in the previous section is confirmed in the MAB model. The RF sampler reaches the

highest Q value while the BB sampler is associated with the lowest Q value. The value of

the BB sampler, however, doubles when the combined dataset is used. This suggests that

the combination of a BB sampler and a machine learning surrogate sampler will boost the

efficiency of the sampling method.

The explanation of this result emerges from the analysis of the contextual MAB. It turns
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out that when the loss is high (typically at the beginning of the calibration), the optimal

action is the RF sampler, while when the loss is low (typically at the end of the calibration),

the optimal action becomes, by far, the BB sampler. The BB sampler, in fact, proposes

small perturbations around low-loss parameter combinations, and hence it can be expected

to be particularly effective when the calibration has already reached a good minimum,

which can be further explored with this method. The best method consists of a mixed

search scheme that exploits a machine learning surrogate sampler (say RF or XB) at the

beginning of the calibration, when the loss is sufficiently high, and switches to the BB

sampler towards the end of the calibration, when the loss is low.

However, this specific strategy is not generally applicable, as, on a new calibration task,

the decision maker does not know in advance the size of the loss that can be achieved,

and hence cannot set any loss threshold on the choice of sampler. In the following section,

we show how a MAB decision maker trained on-the-fly can solve this problem by learning

this behavior, without any prior information, during the course of a single calibration run.

Figure 4.4: An illustration of the online reinforcement learning scheme designed to choose
efficient search methods during each calibration run. With high probability (1 - ε) the RL
agent selects the search method a with the highest Q value, and with small probability ε it
selects a completely random method. Then, the chosen search method is called to suggest
parameter combinations, leading to a corresponding loss evaluation Lt. If Lt is lower than
the previously found lowest loss Lbest,t−1, the reward Rt is computed as the fractional loss
improvement, otherwise is set to zero. Finally, the Q value of the chosen search method is
updated, taking the latest reward into account through a moving average with parameter
α. The entire scheme depends on two hyper-parameters: ε and α.

4.6.2 Online experiments.

In online learning schemes, the decision maker interacts with the environment through a

specific policy π. We propose the ϵ-greedy policy with a fixed learning rate (Sutton and
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Figure 4.5: A comparison between distributions and moments of the real series (blue)
and the simulated series of lowest loss (orange). The first row reports density estimates
obtained via a kernel density estimator. The second row reports the value of the moments.
In the second row, the indices from 1 to 18 on the x-axis represent the following statistics.
1-4): mean, variance, skewness and kurtosis, 5-9): autocorrelations of increasing time
lags. 10-13): mean, variance, skewness, and kurtosis of the differentiated time series;
14-18): autocorrelations of the differentiated time series.

Barto (2018)). This is one of the most well-known algorithms for online learning of MAB

decision-makers in non-stationary environments. In this framework, at each stept, the

decision-maker chooses a ‘greedy’ action – i.e., they select the action a with the highest

value Q(a) – with a high probability 1− ϵ and select a purely random action with a small

probability ϵ. We can hence write the ϵ-greedy MAB policy as follows

πt =

⎧⎨⎩argmaxa Qt(a) with probability 1 − ϵ

random action with probability ϵ
(4.5)

After the selected action a is performed, the agent receives a reward Rt, and updates the

value Qt(a) as

Qt+1(a) = αRt + (1 − α)Qt(a), (4.6)

where α is the learning rate. Note that using the above updating rule Qt(a) turns out

to be an exponentially weighted moving average of past rewards obtained through action

a. Exponential weighting guarantees that the current value of the Q function is not

substantially affected by rewards received many steps earlier and, in turn, this allows the

algorithm to adapt to changes of the environment on-the-fly during a calibration.

Figure 4.3 shows the results obtained when using the described scheme with a set of

possible actions given by the tree samplers RF, XB and BB. The left and middle panels of
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the figure can be directly compared with the graphs in Figure 4.2, as they have identical

ranges on both the x and y axes. For comparison, the figure also reports –in a black

dotted curve– the loss achieved by combining the three samplers RF, XB and BB in a

simple (‘naive’) alternation.

Result 3 The proposed RL scheme (ϵ-greedy policy with fixed learning rate) strongly out-

performs any other method, or combination of methods, tested in the previous section.

This is true for all values considered for the parameters ϵ and α, with the best results –

by a very narrow margin– obtained with ϵ = α = 0.1.

The simple alternation method, that does not use RL, provides a lower-bound to the

performance of the RL scheme. It clearly leads to a significantly slower convergence.

The right panel of Figure 4.3 helps us build intuition around the excellent perfor-

mance of the RL scheme proposed. It depicts with different colours the different actions

(samplers) selected during the 3 RL calibration runs performed with the best parameters

ϵ = α = 0.1. At the beginning of the calibration (say, the first two columns), the agent

explores the different strategies by alternating between the 3 samplers and sometimes ex-

ploits a specific sampler with long streaks of identical sampler choices. Towards the end

of the calibration (say, the last two columns), when the loss is low, the agent instead more

decisively exploits the BB sampler, in agreement with the offline experiments described

earlier and summarised in Table 4.2.

Designing the calibration process as an online learning MAB problem, with actions

being given by different search methods, allows us to detect the most promising search

methods during the course of a single calibration. This gives rise to a very efficient

sampling scheme, and represents a practical tool to intelligently combine different search

methods in the calibration of economic ABMs.

The ϵ-greedy –fixed learning rate– scheme we use here is a particularly simple and

intuitive algorithm for MAB learning, but other options have been suggested in the lit-

erature. In Appendix 4.C we explore some of them for a simplified calibration setting,

and find no substantial improvements in the calibration efficiency. Furthermore, it is

important to note here that the simplicity of the RL scheme proposed –merely involving

the running average and argmax operations of Eqs. 4.6 and 4.5– also entails great com-

putational efficiency, which, in turn, implies the absence of any overhead in using the RL

scheme over naive method combinations.

4.7 Validation

Calibrated model. It is straightforward to verify that the calibrated model is capable of

approximately replicating the behavior of the five variables in the real dataset. Figure
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4.5 shows the distribution and the moments of the simulated series with the lowest loss,

compared with those computed for the real time series. In agreement with Delli Gatti

and Grazzini (2020), output, consumption, and investment are very well captured by the

ADG model, while stronger deviations can be observed in inflation and unemployment

rates. Also in agreement with Delli Gatti and Grazzini (2020) we find that, in general, the

ADG model can only partially account for the persistence of the real time series. This is

clear from the fact that the simulated series have systematically lower values of virtually

all autocorrelations considered (indices 5-9 and 14-18 in the second-row graphs).

Different models and loss functions. This study aims to address the challenge of calibrat-

ing a standard macroeconomic ABM using a method of moments loss function. While

the focus is on the ADG model, we believe our findings to be relevant for other ABMs

and loss functions. In Appendix 4.D we present further numerical results supporting this

claim. Specifically, we performed calibration experiments in two different settings: the

paradigmatic ‘Brock and Hommes’ asset pricing model Brock and Hommes (1998) with a

method of moments loss, and a SIR model on a small-world network topology Simoes et al.

(2008) with a Euclidean loss. In agreement with the rest of this work, we find that the RF

sampler is the best-performing sampler when methods are used in isolation, that coupling

different samplers generally provides better performances, and that our RL-scheme can

be successfully used to intelligently combine search methods. However, the alternative

calibration tasks presented in the appendix are much simpler than the calibration of the

CATS model considered in the rest of this work. For this reason, we do not see a signifi-

cant performance improvement in using RL combinations over simple combinations, but,

importantly, we consistently find the performance of the RL-scheme to be as good as the

best samplers or sampler-combinations tested, without requiring any trial and error.

4.8 Calibration and shocks

In Table 4.3, we show the numerical values of the parameters in the original model (ADG),

in DG and with RL. The calibration of ADG is based on simple output validation (com-

parison between stylized facts). The calibration in DG is based on Bayesian estimation.

The numerical values are not dramatically different with the exception of δk and ν that are

much higher under RL. We carry out experiments by subjecting the model to aggregate

shocks using these calibrations.

For the sake of comparison, we follow DG in building Impulse-Response functions to

explore in a clear way the trajectory of a macroeconomic variable after a shock to an

aggregate variable. In a macro ABM it is impossible to completely shut off after-shock

randomness. The same aggregate shock may trigger different dynamic paths of prices
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Param. Description ADG DG RL

ξ Memory parameter in consumption 0.96 0.738 0.881
χ Wealth parameter in consumption 0.05 0.017 0.069
ρ Quantity adjustment coefficient 0.9 0.730 0.816
η̄ Price adjustment coefficient 0.1 0.165 0.089
µ Bank’s gross mark-up 1.2 1.007 1.377
ζ Bank’s leverage 0.02 0.02 0.016
δk Inventories depreciation rate 0.3 0.078 0.764
γ Fraction of investing C-firms 0.25 0.326 0.36
θ Rate of debt reimbursement 0.05 0.033 0.044
ν Memory parameter in investment 0.5 0.159 0.956
tw Tax rate 0.4 0.059 0.02

Table 4.3: Parameter values in three types of calibration.

and quantities in the presence of different random seeds. We follow Delli Gatti and

Grazzini in analyzing to tackle this problem. Let yt represent the level of an aggregate

variable (e.g., GDP at constant prices) in period-t generated by the benchmark simulation

(t = 1, 2, ..., 1100) and ỹt period-t GDP generated by the shocked simulation, characterized

by the same random seed but an exogenous increase of an exogenous variable or parameter

in period τ = 1000. To analyze the macroeconomic effects of the shock, we compute the

percent deviation of the shocked GDP from the benchmark GDP:

ŷt = log ỹt − log yt

Of course, ŷt is exactly equal to zero for any t ≤ τ . After the shock ŷt is generally

different from zero. ŷt after the shock is the Impulse-Response function associated with

a specific random seed. Hence we will refer to ŷt as a Seed-specific IR (SIR) function.

The dynamics of ŷt however does not behave nicely as in standard DSGE models, with

a smooth monotonic departure from and return to the steady state. This is due at

least in part to the specific random seed. To form a robust evaluation of the response of a

macroeconomic variable to an aggregate shock in an ABM, we must carry out a number of

simulations with different random seeds and compute the average response of the variable

in question to the aggregate shock. To build robust Impulse-Response (IR) functions we

use the following method.

1. We simulate the ABM (over T=1100 periods) with a given set of parameters and

exogenous variables with S = 500 different random seeds. These are the S bench-

mark simulations. We denote the benchmark time series of variable yd (where

d = 1, 2, ..., D) in simulation s (s = 1, 2, ..., S) with yds,t where t = 1, 2, ..., T .

2. Then, we simulate the ABM with the same seeds as above but with an aggregate
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shock in period τ < T . These are the S shocked simulations. We denote the shocked

time series of variable yd in simulation s with ỹds,t.

3. We compute S Single-seed Impulse-Response functions, i.e., log differences of the

shocked and benchmark time series, for each variable. We denote the SIR of variable

yd in simulation s with ŷds,t = log ỹds,t − log yds,t.

4. Finally, we compute the robust Impulse-Response function for each variable as the

mean of the single seed impulse response functions across seeds:

ȳdt =

∑︁S
s=1 ŷ

d
s,t

S
t = 1, 2, ..., T

In this section we apply the methodology proposed above to our ABM in order to build

IRs for D = 9 variables: GDP, GDP deflator, gross capital formation, consumption, the

unemployment rate, total debt of the corporate sector, the bankruptcy rate (fraction of

firms that go bankrupt), total capital stock and bank net worth. We will consider Σ = 3

aggregate shocks: 2 real shocks (exogenous change of consumption and investment), and

1 nominal shocks (exogenous change of the risk-free interest rate).

To build IRs we simulate the ABM over T = 1100 periods S = 500 times with different

seeds. We generate S = 500 benchmark time series for each of the D = 500 variables.

Then, we simulate the ABM S times with the same seeds but hitting the economy

with an aggregate shock in period τ = .... We repeat the procedure for each of the Σ

shocks. We get S = ... shocked time series for each variable and each shock. Therefore

we compute S = .... Seed specific IR functions for each variable and each shock.

Finally, we compute the Robust IR functions (IRs). We take the average of SIRs across

random seeds for each variable and each shock. Overall therefore we have D × Σ = ....

IRs. Figures show the IRs for 100 periods starting from the period of the shock, together

with the 20th and 80th percentiles to account for the variability of the response to the

shock.

The dynamic pattern of IRs is generally similar to those of IRs in DSGE models. The

shock generates a departure of the variable from the benchmark statistical equilibrium

and a return to it with the passing of time. In some cases the return to equilibrium may

occur by means of long dampening swings.

The first set of IRs in Figure 4.6 captures the response of 8 variables to a (positive)

consumption shock generated by a uniform exogenous increase of permanent income.10

A shock to permanent income therefore can be interpreted as a sudden change of the

10We assume that the permanent income of all workers goes up by 30% in period τ = .... Permanent
income can be interpreted as the expectation the agent holds of her “human capital” in the future (in
our setting, this expectations is formed by means of an adaptive rule).
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Figure 4.6: Shock to permanent income

agents’ expectations of human capital. Consumption increases on impact, since house-

holds feel richer and allocate a bigger budget to consumption, and then goes back to the

benchmark statistical equilibrium.11 The increase in consumption has three effects on

firms. First, higher demand for consumption goods implies that firms charging higher

prices will sell more. This leads to an increase of inflation on impact. Second, higher

demand translates into higher revenues, leading to higher profits and a decrease in the

bankruptcy rate. Third, firms react to higher consumption by increasing production and

employment, so that production increases and the unemployment rate decreases. The

effects of the consumption shock on investment and the capital stock are negligible.

The upper-right panel of Figure 4.7 shows the IRs following a (negative) investment

shock, i.e., a reduction of the probability to investγ.12 Thanks to the law of large numbers,

it γ can be conceived as the fraction of firms able to adjust their capital stock in each

11In the comments that follow we will focus on the short run effects of the shock. To avoid repetitions we
will not reiterate that RIRs go back to zero over the long run.

12We assume that the probability to invest goes down by 80%. To make the effect of the shock more
interesting, we assume that after the shock γ converges back gradually to its benchmark value. In other
words, we assume that there is a persistent, rather than temporary, shock to the probability to invest.
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Figure 4.7: Shock to investment parameter gamma

period. It is worth noticing that, given the investment decision described above, when it

γ goes down, firms that can adjust their capital stock will invest more, anticipating that

it will be less likely for them to be able to invest in the future. Therefore, a reduction

of γ makes the number of investing firms shrink but boosts the investment of those firms

that are able to invest. The first effect prevails so that the shock will lead to a reduction

of gross fixed capital formation and of the capital stock. Production goes down, and the

unemployment rate increases. Moreover, the reduction of investment leads to a decrease

in corporate debt.

4.9 Conclusions

In this work, we systematically compare the performance of 5 search strategies, taken in

isolation and in combination, on a method-of-moments calibration of a standard macroe-

conomic ABM. Our results show that calibration based on machine learning surrogate

samplers of the kind proposed in Lamperti et al. (2018) but using a random forest al-

gorithm for interpolation provides superior performance with respect to the other search
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Figure 4.8: Shock to interest rate

methods. Our results further show that coupling different search methods together gives

rise to search strategies that typically improve over their constituents. The empirical

efficacy of random forest search methods and of combining different search methods can

be of practical help to researchers interested in calibrating and using medium and large-

scale economic ABMs. However, when combining different search methods a natural issue

arises about which methods should be combined, and in which way.

We provide a solution to this issue by framing the choice of search methods as a

multi-armed bandit problem, and leveraging a well-known reinforcement learning scheme

to select the best method on-the-fly during the course of a single calibration. The RL

scheme proposed outperforms any other method or method combination tested, and thus

provides a practical tool for researchers interested in efficiently calibrating ABMs.

In the future, it would be interesting to deepen the analyses of the present study in

two possible lines of research, based on either extensions of the banchmarking experiments

of Section 4.5 or on further investigations into the RL scheme of Section 4.6.

The benchmarking framework could be extended in several dimensions. The first is

the testing of other standard search methods, such as particle swarm samplers or machine
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learning samplers based on neural networks. The second is the inclusion in the analy-

sis of other measures of goodness of fit, in addition to the method of moments, such as

likelihood measures, Bayesian measures Grazzini et al. (2017), or information theoretic

measures Lamperti (2018). The third is the addition of other widely known macroeco-

nomic ABMs Dawid and Delli Gatti (2018) to the analysis, such as the so-called “K+S”

model Dosi et al. (2010), or the recent large-scale model of Poledna et al. (2023b). This

would allow quantitative benchmarking not only of the calibration strategies, but also

of the different models when calibrated on the same data. The final direction would in-

volve appropriately increasing the data on which the ABMs are calibrated and tested,

potentially with more variables and with more national economies. In essence, while the

present work is an important step towards a systematic assessment calibration methods

for medium and large-scale economic ABMs, all of the above mentioned directions would

surely represent equally important steps towards an increasingly more data-driven ABM

development.

Given the excellent results achieved, the RL scheme proposed also deserves further

specific investigation. For example, one could verify whether the RL search method

developed here maintains its high performance also in the more general setting of black-

box function optimisation, perhaps in other specific application domains that might have

peculiarities similar to the ABM calibration problem. One might also try to extend the

simple (yet effective) MAB framework introduced here, by providing more ‘contextual’

information to the agent and hence attempting to represent the ABM calibration problem

either as an online contextual-MAB problem, or directly as a partially-observable MDP

Kaelbling et al. (1998). Potentially, the problem could even be made suited for a pure

MDP formulation by feeding the entire history of the past sampled point to the agent

that needs to decide on the next search method, or directly decide the specific points to

sample as proposed in Chen et al. (2017).
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Appendices

4.A Extended model description

The model used for our experiments was originally proposed in Assenza et al. (2015),

and consists of four classes of interacting agents: households, final-goods producing firms

(C-firms), capital producing firms (K-firms) and banks. Figure 5.1a of the main text

illustrates these classes of agents and the main mechanisms of interactions among them.

4.A.1 Household

The household sector consists of workers and capitalists. Each worker supplies one unit of

labour in-elastically. An unemployed worker randomly selects Ze firms and takes the job

at the firm with a vacant position on a first come first serve basis. Each worker receives

wage w until laid off. Firms are owned by capitalists and they receive dividends and hold

equity at those firms but do not work. When a firm becomes bankrupt, it is replaced by

a new entrant firm and a capitalist provides equity. All of the households consume final

goods and therefore participate in search and matching in the consumption market. They

determine their consumption budget according to

Cc,t = Y c,t + χDc,t, (4.7)

where Y c,t is the permanent income of the consumer c at time t, Dc,t is the financial wealth

deposited at a bank and χ ∈ (0, 1) is the fraction of the bank deposit used for consumption.

Unlike the standard macroeconomic models, permanent income is the weighted average

of current and past incomes with exponentially decaying weights and follows

Y c,t = ξY c,t−1 + (1 − ξ)Yc,t (4.8)

where Yc,t is the actual income of period t and ξ ∈ (0, 1) is the memory parameter of the

consumer.

Each consumer visits a set of randomly selected firms and sorts their prices from lowest
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to highest (this gives rise to implicit negative relative price elasticity of demand). If the

consumption budget is not exhausted on the first firm, the consumer goes to the second

firm in the order. If consumption budget is not exhausted after all buying opportunities,

the consumer involuntarily saves the rest.

4.A.2 Price and quantity setting

One of the distinctive features of the CATS model is its expectation formation of the

future demand and price setting of the firms, summarised in Figure 5.1b of the main

text, and detailed in this section. C-firms and K-firms decide the quantity and price

in a similar fashion. The only difference between these two is that C-goods are non-

storable, unlike K-goods. Firms start off with the pair (Pi,t, Yi,t) and notice the actual sale

Qi,t = min(Yi,t, Y
d
i,t) as demanded quantity can differ from produced quantity. Therefore,

firms base their decision on two signals: their relative price and actual sale. Now any

decision can be mapped to one of the quadrants of the (Pi,t, Yi,t) space depending on the

signal. Hence firm i ∈ {C-firms,K-firms} update their next period desired output as

Y ∗
i,t+1 =

⎧⎨⎩Yi,t + ρ(−∆i,t) − 1i∈KY
k
i,t+1 if ∆i,t ≤ 0 Pi,t ≥ Pt (‘c’)

Yi,t − ρ∆i,t1i∈KY
k
i,t+1 if ∆i,t > 0 Pi,t < Pt (‘d’)

(4.9)

where ∆i,t = Yi,t − Y d
i,t , ρ ∈ (0, 1) and Y k

i,t+1 = (1 − δk)(Y k
i,t + ∆i,t) i.e., the inventory

dynamics of capital firms. Here δk ∈ (0, 1) is the depreciation parameter of the inventories.

In short, when demand is higher than the current period’s production, increase the

next period’s production and vice-versa. Notice that in the four possible signal scenarios,

depicted in the four quadrants of Figure 5.1b of the main text, firms can only change

either prices or adjust their quantities. Equation (5.11) describes quadrants ‘c’ and ‘d’ of

the figure, for the price setting in the other two scenarios (quadrants ‘a’ and ‘b’ of the

figure) firms follow the updating rule

Pi,t+1 =

⎧⎨⎩Pi,t(1 + ηi,t+1) if ∆i,t ≤ 0 Pi,t < Pt (‘a’)

Pi,t(1 − ηi,t+1) if ∆i,t > 0 Pi,t ≥ Pt (‘b’)
(4.10)

where ηi,t+1 ∼ U(0, η̄). So when there is excess demand, firms increase their price if it is

lower than average, since consumers will be willing to pay a higher price and vice-versa.

Firms also have average costs (AC) and can not set the price below the level of AC.

C-firms produce taking the output of the K-firms as input and therefore participate in

the K-goods market using search and match exactly like in consumption goods market.



173 Optimizing the Calibration of ABMs through Reinforcement Learning

4.A.3 Production, investment and employment

Means of production in the C-firms are capital Ki,t and labour Ni,t. The production

function follows Leontief technology i.e., Ŷi,t = min (αNi,t, κKi,t) where α and κ are labor

and capital productivity respectively. If the labour is abundant and capital is not fully

utilized then the output becomes Yi,t = ωi,tŶi,t = ωi,tκKi,t where ωi,t ∈ (0, 1) is the capacity

utilization rate. Therefore the required labor for the production is Ni,t = (κ/α)ωi,tKi,t.

Capital is accumulated by the firms and follows

Ki,t+1 = (1 − δωi,t)Ki,t + Ii,t (4.11)

where only utilized capital depreciates and Ii,t is the investment.

Investment opportunities of the firms are infrequent (one in every 1/γ periods where γ

is the fraction of firms adjusting capital) and capital is fixed in the short run. This

gives rise to sticky and durable capital, as firms take investment decisions in an uncertain

environment before the consumption market opens and this anchors decisions on average

lifetime capital stock. The average lifetime capital stock evolves as

Ki,t−1 = νKi,t−2 + (1 − ν)ωi,t−1Ki,t−1 (4.12)

where ν ∈ (0, 1).

Firms decide on investment in two parts. Firstly, they make up for the worn-out capital

keeping in the mind the future opportunities of capital adjustment i.e Iri,t = δ
γ
Ki,t−1.

Secondly, they target the desired long-term rate of capital utilization ω. Therefore, the

total investment of the firm becomes

Ii,t =

(︃
1

ω
+
δ

γ

)︃
Ki,t−1 −Ki,t (4.13)

and the capital stock evolves as:

Ki,t+1 =

(︃
1

ω
+
δ

γ

)︃
Ki,t−1 − δωi,tKi,t (4.14)

If the required capital for the desired level of production is lower than the available

capital stock, the firm uses a fraction of the stock. If the required capital is higher than

the available capital stock, the firm fully utilizes the stock but the level of production is

not reached. Following these rules, we get the required number of workers as

N∗
i,t+1 = min

(︂κ
α
K∗
i,t+1,

κ

α
Ki,t+1

)︂
, (4.15)
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where K∗
i,t+1 is the required capital for desired production level and Ki,t+1 is the available

capital stock.

After deciding on the required number of workers to match the desired level of production,

firms post vacancies as follows

νi,t+1 = max
(︁
N∗
i,t+1 −Ni,t, 0

)︁
. (4.16)

K-firms produce only using labour input from the workers and use linear technology

Yj,t = αNj,t. Hence labour requirement of the firm is Nj,t/α. To make up for the required

workers, firms post vacancies and compete with C-firms in the labour market for hiring.

4.A.4 Credits and banks

Each firm takes loans from the bank to fund its production when internal funding is in

short supply. For C-firms there are typically two costs, the wage of the workers and the

funding for investment whereas K-firms only acquire the cost of wage. Hence the required

loans by the firms are

Fi,t = max (wNi,t − 1i∈C−firmsPk,t−1Ii,tDi,t−1, 0) (4.17)

There is only one bank in the economy. It accepts all deposits from agents and does

not provide deposit interests. Bank evaluates the financial soundness of the firms using

the entire past data of the firm’s balance sheet. For each firm f , it computes the following

leverage ratio

λf,t =
Lf,t−1 + Ff,t

Ef,t−1 + Lf,t−1 + Ff,t
. (4.18)

The bank then estimates a logistic regression of the individual bankruptcy probability ϕf

for each firm as ϕf = f(λf ). Considering that the firms are paying θ fraction of their loan

back each period, the bank sets the interest rates of loan for each bank as

rf,t = µ

{︃
1 + r

θ

Φ(θ, Tf,t)
− θ

}︃
, (4.19)

where Tf,t = 1/ϕf,t i.e., number of periods after which firm defaults. Optimization of the

lending is done by considering a maximum admissible loss for the bank as a fraction of

the bank’s equity. If ∆Lf,t is the new extended loan to the firm then it follows that

ϕf (∆Lf,t + Lf,t−1) ≤ ζEb
t , (4.20)
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and the maximum admissible loan for a firm f becomes

F f,t =
ζEb

t − ϕfLf,t−1

ϕf
. (4.21)

In summary, if the loan requirement of the firm is less than the maximum admissible

loan for that firm, the firm gets the full funding. On the other hand, if the loan requirement

is higher than the maximum admissible loan, the bank lends only up to the limit and the

firm has to cut down its hiring, production etc.
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4.B A visual evaluation of length of transient effects
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Figure 4.9: A typical simulation trace from the CATS model. The dashed vertical lines
mark 300 simulation periods.

Figure 4.9 we report the results of an ABM run for a typical model evaluation with

arbitrary initial conditions. We use 300 periods as the initial burn-in period to equilibrate

the model. This differs from choice made in the original paper Assenza et al. (2015), where

1000 periods are used to this aim, but we believe our choice to be fully justified considering

that 300 periods appeared more than sufficient for a complete equilibration of the model.

As a practical illustration of this claim, Figure 4.9 well illustrates that transient effects

are substantial only within the first 100 periods, and are typically absent already after

200 periods.



177 Optimizing the Calibration of ABMs through Reinforcement Learning

4.C A comparison of multiple MAB learning algo-

rithms
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Figure 4.10: Tests of the RL calibration framework with different MAB learning algo-
rithms. (a)-(c) Loss values as a function of the number of model evaluations for different
sampling strategies. Lines and shaded areas represent means and standard errors over 5
repetitions of each calibration run. (a) Baseline calibrations using the 4 different sam-
plers individually. (b) RL calibrations using 6 different MAB learning algorithms. (c) RL
calibrations using the fixed-α, ϵ-greedy learning algorithm proposed in the main text. (d)
The specific ‘actions’ selected by the fixed-α, ϵ-greedy RL scheme with α = ϵ = 0.1 in the
5 calibration repetitions.

In this appendix, we test the performance of a number of variations of the RL frame-

work introduced in the main text obtained by coupling it with different learning algorithms

for multi-armed bandits (MABs). For reasons of computational cost, the comparison is

performed in a simplified setting, and not on the calibration of the economic ABM anal-

ysed in the rest of this work. The experimental setting consists of a method of moments

calibration of a 5-state Markov process defined by a diagonal transition matrix, with 5

free parameters to calibrate. The target time series is generated by simulating the model

for 5000 steps with diagonal transition parameters (0.1, 0.2, 0.3, 0.4, 0.5). We define the

action space of the MAB as the set of the 4 samplers (RF,XB,GP,BB).

Figure 4.10a shows the baseline calibrations obtained using the 4 samplers individually,

and we see that also for this model the RF sampler outperforms all other search methods.

Figure 4.10b shows several RL calibrations obtained by couopling the RL framework

described in the main text with the following MAB learning algorithms, all available

through the SMPyBandits package Besson (2018): ‘kl-UCB’ Garivier and Cappé (2011),

‘Exp3’ Bubeck et al. (2012), ‘Exp3.R’ Allesiardo and Féraud (2015) and ‘Exp3++’ Seldin

and Slivkins (2014), ‘Thompson’ and ‘Discounted Thompson’ sampling Raj and Kalyani

(2017). All of the learning schemes achieve satisfactory results by outperforming all sub-

optimal samplers, and performing on par with the RF sampler, but without any prior
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information about the best sampler at the agent’s disposal. Figure 4.10c shows the RL

calibration obtained using the ϵ-greedy scheme proposed and tested also in the main text,

for different choices of ϵ and α. The ϵ-greedy scheme is also seen to outperform all single

samplers of Figure 4.10a except the optimal one, and its performance is found to be very

similar to those of the other algorithms tested in Figure 4.10c.

Figure 4.10d depicts the actions selected during the 5 runs pertaining to the ϵ-greedy

calibration with ϵ = α = 0.1. Some patterns are clearly visible, such as the preferential

choice of the BB sampler and the RF sampler, particularly in the first half of the calibration

where the loss decreases rapidly before reaching a plateau.
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4.D A check of robustness to changes in the model

and in the loss function
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Figure 4.11: Loss as a function of the number of model evaluations for single methods,
simple method combinations, and RL method combinations, for the BH4 model Brock
and Hommes (1998) with a method of moments loss (1st row) and for the SIR model with
a Euclidean loss (2nd row).

Here, we check the robustness of our results by performing further numerical experi-

ments on two different models, and in one case using a different loss function. As a first

model, we chose the asset pricing model of Brock and Hommes (1998), a paradigmatic

model within the ABM community often used to test novel calibration or estimation algo-

rithms Platt (2020). The calibration was performed on synthetic data generated with the

following set of parameters: r = 0.1, β = 1.0, σ = 1.0, [g1, g2, g3, g4] = [0.0, 0.9, 0.9, 1.01],

and [b1, b2, b3, b4] = [0.0, 0.2,−0.2, 0.0]. The loss function was the same used for the cali-

bration of the CATS model i.e., a method-of-moments loss. As a second model, we chose a

SIR model on a Watts-Strogatz network Simoes et al. (2008), Watts and Strogatz (1998),

fitted on weakly Italian Covid-19 epidemiological data. For the second model, we used a

different loss function: a simple squared difference between the two series.

The first and second rows of plots in Figure 4.11 report the results of these new

numerical experiments for the ‘Brock and Hommes’ model with 4 agent types (BH4) and

for the SIR model, respectively. We observe that similar considerations can be drawn
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for such models to the ones already expressed for the CATS model. Specifically, we see

that when methods are used in isolation, the best-performing ones are the RFand the

XBwhile GPand BBstrongly underperform for the reasons discussed in the main text. We

also notice a similar general improvement when coupling search methods, with the best-

performing method combinations being RFand BBcombined with the BBsampler. Both

models are, however, much simpler to calibrate than the CATS model. For such simple

calibration tasks, we do not see large improvements in using RL combinations over simple

combinations, but, importantly, the RL performance is as good as the best combinations

without requiring trial and error.
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4.E Data and code availability

In the interest of reproducibility, the code, the data, and the scripts used to generate the

key results and the main graphs of this work are available to download as supplementary

material of the paper. Furthermore, an easy-to-use implementation of the reinforcement

learning scheduler proposed in this work has been released in open source within the

Black-it package Benedetti et al. (2022), a Jupyter notebook to experiment with it is

available at https://github.com/bancaditalia/black-it/blob/main/examples/RL_

to_combine_search_methods.ipynb.

https://github.com/bancaditalia/black-it/blob/main/examples/RL_to_combine_search_methods.ipynb
https://github.com/bancaditalia/black-it/blob/main/examples/RL_to_combine_search_methods.ipynb
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Chapter 5

An Agent-Based Model of Central

Bank Digital Currency1

5.1 Introduction

The history of payment methods stretches back approximately 12,000 years, encompass-

ing a vast array of diverse systems that have evolved and dissipated over time. While

thousands of payment methods have existed throughout human history, the majority have

faded into obscurity, reflecting the dynamic nature of economic systems and societal needs.

Despite the passage of millennia, the fundamental purpose of these payment methods re-

mains consistent: facilitating the exchange of goods and services among buyers and sellers.

Remarkably, among the ancient and modern payment methods, cash retains a remarkable

resilience and widespread popularity. Khiaonarong and Humphrey (2023) note its endur-

ing significance and substantial circulation worldwide. The tangible nature of cash and

its universal acceptance in transactions highlight its enduring relevance in contemporary

commerce. In an era characterized by rapid digital transformation, understanding the

factors influencing the adoption and usage of various payment methods becomes increas-

ingly crucial. The coexistence of traditional cash transactions alongside emerging digital

payment systems underscores the complexity of consumer preferences and institutional

dynamics in the modern financial landscape. The success of a payment method hinges on

a multitude of factors that contribute to its utility for users. Among these factors, ease

of usage, cost-effectiveness, and security stand out as paramount considerations. Adrian

and Mancini-Griffoli (2021) offer a comprehensive examination of these factors within the

context of the modern era of digitization, shedding light on the evolving landscape of

payment methods and their implications for users and financial systems. As the global

financial landscape evolves, major central banks are actively engaged in the development,

1This chapter is co-authored with Aldo Glielmo and Domenico Delli Gatti
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discussion, and planning of Central Bank Digital Currencies (CBDCs), as reported by

Auer et al. (2022). This heightened focus on CBDCs amplifies the significance of un-

derstanding the dynamics of payment method adoption and usage in the contemporary

context. The potential integration of CBDCs into mainstream financial systems intro-

duces novel considerations regarding financial inclusion, technological infrastructure, and

regulatory frameworks. In light of these developments, exploring the factors driving the

adoption and diffusion of payment methods remains essential for policymakers, financial

institutions, and individuals navigating the evolving terrain of modern finance.

In this paper, we mainly focus on several policy questions contributing to the ongoing

research on CBDC that several central banks deem important, such as (a) under what

design features of the CBDC is it widely adopted across the economy? (b) How are

profit margins of banks affected by the introduction of CBDC? (c) What are the trans-

mission channels of the new payment method to the real economy? (d) How does speed

of adoption affect the economy? In order to shed light on the aforementioned questions,

we constitute a macroeconomic agent-based model (ABM) of payment method adoption

built up on Assenza et al. (2015). Agent-based macroeconomic models are becoming

workhorse models for studying monetary policy, fiscal policy, and energy economics from

a bottom-up approach, as noted by Gatti et al. (2011). These models are often accompa-

nied by a characteristic property widely known as emergent behavior, which is a result of

the interaction of agents. Granularity of the interactions provides a great framework to

study the markets of methods of payments and their effect on the economy as a result of

interactions between agents participating in those markets. For example, Alexandre et al.

(2023) studied a bank-firm credit network, producing stylized facts about how shocks to

the policy interest rate impact key topological measures of those networks. In Reale (2024)

she analyzed an interbank market using a stock-flow consistent agent-based model follow-

ing Lengnick (2013). Her results showed that divergent maturity mismatches between

surplus and deficit banks could lead to uneven funding tensions, potentially preceding

explanations related to credit and sovereign risk in interbank dynamics. Application of

ABMs has been well established in the studies of climate change and energy market-

related topics and their implications on the macroeconomy. Balint et al. (2017) provides

a great overview of the literature on applications of ABMs and has produced valuable

insights for climate-change-related topics. Ciola et al. (2023) built an ABM model in line

with Assenza et al. (2015) to study transmission of energy shocks in the US and find the

contractionary effect of the shocks.
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5.2 Literature overview

Our paper contributes to the expanding body of literature on CBDC, with emphasis on

their adoption and their impact on existing payment infrastructure. For instance, Brun-

nermeier et al. (2022) construct a framework in which digital platforms distribute tokens

as a form of payment while deriving rents, such as fees or seigniorage. Customers em-

brace these tokens due to network effects: the acceptability of trading tokens presently

stems from their future purchasing potential. CBDC, as a universally recognized pay-

ment medium, vies with private tokens and curtails the market dominance of platforms.

Williamson (2022) shows using a banking and payment model that the interest-bearing

nature of CBDC does not confer an advantage, as its substitution for physical currency

fails to broaden the feasible range of equilibrium allocations. However, CBDC holds the

potential to enhance societal well-being by contesting private payment methods and real-

locating secure assets from the private banking realm to a quasi-narrow banking facility.

Goldstein et al. (2023) studied the implication of CBDC introduction and the tension

between its role as a medium of exchange and store of value. Their theory explains why

payments often experience delays and disruptions, even as technology advances, due to

the scarcity of valuable reserve assets beyond transactional use. Thus, the central bank

might need to reconsider the reserve system that it operates in and the potential effects

of a new payment method where agents have access to their balance sheet. Using a

two-sided market model of payments, Tan (2023) established that adoption of CBDC for

firms and households is complementary. Lower cost and efficiency are important factors

for households when considering the adoption, while for the firms, they care more about

low fees, tax exemptions, etc. They report that CBDC adoption can attain low adoption

equilibrium if the attributes of CBDC not contingent upon merchant acceptance, such

as remuneration and the efficacy of cross-border and government payments, are not com-

pelling enough. This scenario may also arise if the subset of households benefiting from

these attributes represents a small fraction of the merchant’s clientele. Huynh et al. (2022)

explored another factor involved in the two-sided market for payment methods where in-

formed and uninformed transactions matter for the equilibrium effects. While transaction

costs have a negative effect on adoption in their estimated model, higher acceptance of a

payment method by firms has a positive effect on adoption of it by consumers. Welfare

analysis in their model shows that when the issuer has a monopoly, optimal and full pass-

through of interchange fees produces different welfare-maximizing levels of fee reduction.

In a different approach to understanding the adoption of CBDC, Arifovic et al. (2023)

built an experimental setup with consumers and merchants. Their results show that a

minimal fixed cost encourages swift adoption of the novel payment method across all par-

ticipants. Conversely, with sufficiently high fixed costs, merchants progressively opt to
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decline the new payment method. Furthermore, compelling evidence of network effects

emerges, highlighting the significance of fixed costs in driving robust adjustments in seller

acceptance decisions in response to buyer adoption decisions. In a similar approach of

experimental setup with remunerated sophisticated tokens and unremunerated plain to-

kens, Camera (2022) showed that sophisticated tokens reduce coordination and decrease

payoff. Interest-bearing sophisticated tokens incentivize hoarding, causing a shift towards

myopic behavior, illiquidity, and hampered circulation, while penalties for holding sophis-

ticated tokens reduce their acceptance as a payment method. Ryu and Webb (2023) uses a

two-period overlapping generation model to analyze consequences of payment choices and

asset allocation. They find that changes in the CBDC rate have no impact on commercial

banks’ profitability in the loan sector, whereas fluctuations in the Interest on Reserves

(IOR) rate affect profitability in both deposit and loan sectors. Appropriate CBDC in-

terest rates can foster a balance among cash, CBDC, and deposit utilization, while the

crowding-out effect intensifies when the CBDC rate surpasses a certain threshold.

Our paper is closely aligned with a handful of studies employing ABM frameworks to

explore the multifaceted impacts of introducing CBDC on the economy. For example,

Ramadiah et al. (2021) considers an online and offline market of payments and finds

that if CBDC is properly designed, bank balance sheets would be impervious to it. On

the other hand, payment intermediaries will see a fall in transactional revenues. León

et al. (2025) provides a more detailed contribution to the adoption narrative. Calibrating

their ABM of payment transactions to the Spanish market, they find that attractive de-

sign features and targeted stimulus policies are key drivers of CBDC uptake, reinforcing

the claims made by Tan (2023). The main difference between their adoption mecha-

nism and ours is that they assume a random allocation of CBDC to consumers, whereas

in our framework consumers adopt CBDC through an optimized decision based on the

perceived properties of payment instruments—such as security, privacy, and ease of use.

While positive spread of remuneration encourages adoption, balance limits are functional

for thwarting full-scale crowding-out effect of CBDC. Gross and Letizia (2023) uses rein-

forcement learning for banks learning Nash equilibria in the deposit market in an ABM

framework. Their results show that central banks income could increase due to a drop in

excess reserves and increasing lending to banks, while banks will be negatively affected

due to deposit losses. While all these existing studies in the ABM framework have pri-

marily focused on adoption and payment markets, they have not extensively explored

the analysis of macroeconomic effects. Consequently, our paper distinguishes itself by

addressing this critical gap. By integrating the microfoundation of payments and adop-

tion with the macroeconomic ramifications of merchant and consumer interactions, our

research endeavors to provide a comprehensive understanding of the broader economic
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implications. In doing so, we aim to contribute to a more holistic comprehension of

the dynamics between individual adoption decisions and their aggregate impact on the

macroeconomy.

5.3 Model description

We introduce CBDC in our baseline model, which closely follows Assenza et al. (2015).

The entire duration of the simulation is thus divided into two sub-periods, i.e., before

and after the introduction of CBDC. Consumers can now be labeled as users and non-

users subject to the adoption of CBDC. The adoption mechanism is described in one

of the following sections. When CBDC is introduced, it becomes an additional payment

instrument in the already existing set of payment instruments consisting of cash and

deposit. 2 Thus, in our model, agents perform portfolio allocation based on 2 instruments,

i.e., cash and deposit. Post-CBDC introduction, agents perform portfolio allocation based

on 3 instruments, i.e., cash, deposit, and CBDC.

5.3.1 Household

The household sector consists of workers and capitalists. Each worker supplies one unit of

labor inelastically. An unemployed worker randomly selects Ze firms (where Ze is a subset

of the total firms i.e. sum of capital and consumer firms in the model) and takes the job

at the firm with a vacant position on a first-come, first-served basis. Each worker receives

a wage wt until laid off. Firms are owned by capitalists, and they receive dividends and

hold equity at those firms but do not work. When a firm becomes bankrupt, it is replaced

by a new entrant firm, and a capitalist provides equity. A household h has the following

nominal income depending on its type:

Yh,t =

⎧⎨⎩wt if worker

τDIVf,t−1 if firm owner
(5.1)

All of the households consume final goods and therefore participate in search and

matching in the consumption market. They determine their consumption budget accord-

ing to

Ch,t = Y h,t + χ(Dh,t +WCBDC
h,t +WCash

h,t ) (5.2)

2Kevin et al. (2022) reports 8 available payment instruments for the USA. These are cash, check, money
order, debit card, credit card, prepaid card, bank account number payment, and online banking bill
payment. Among these, cash, check, and money order are considered paper instruments, and we refer
to all of these as cash payment methods for simplicity. We consider rest of the payment instruments
as deposit payment instruments for simplicity since they require direct interaction with bank account
while issuing the payment.
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where Y h,t is the permanent income of the consumer c at time t, Dh,t is the financial wealth

is deposited at a bank, χ ∈ (0, 1) the fraction of the bank deposit used for consumption,

and WCBDC
h,t ,WCash

h,t the wallets of CBDC and cash. Therefore, households take into

account bank deposits and balances in the wallets of CBDC and cash while deciding on a

consumption budget. Here we use ”consumer” and ”household” interchangeably since all

types of households consume and participate in the consumption goods market. Unlike

the standard macroeconomic models, permanent income is the weighted average of current

and past incomes with exponentially decaying weights and follows

Y h,t = ξY h,t−1 + (1 − ξ)Yh,t (5.3)

where Yh,t the actual income of the period is t and ξ ∈ (0, 1) is the memory parameter of

the consumer.

Consumers may not spend the entire consumption budget due to existing frictions in

the consumption goods market. Every consumer randomly selects a group of firms to

visit and arranges their prices in ascending order, creating an implicit negative relative

price elasticity of demand. If the consumer doesn’t spend their entire budget at the

first firm, they proceed to the next in line. If there’s still budget left after exploring

all buying options, the consumer involuntarily saves the remainder. We provide much

detailed analysis of the matching protocol in 5.3.3

Household’s decision of payment instrument and CBDC adoption

The model combines optimizing behavior with simple behavioral rules, and it is there-

fore important to clarify the underlying notion of rationality we adopt. Consumers are

assumed to behave with procedural rationality in the sense of Simon: they optimize over

choices that are routine, frequent, and supported by well-defined preferences, namely the

allocation of payment features and instruments in the CES framework, while relying on

heuristics when facing decisions that are novel, infrequent, or subject to significant un-

certainty (Simon (1976, 1978)). The optimization of payment features captures stable

transactional preferences for security, privacy, and convenience, for which consumers are

assumed to have sufficient experience to form consistent evaluations. By contrast, CBDC

adoption is modeled through a threshold rule with gradual updating, reflecting that adop-

tion of a new technology is characterized by limited information, habit formation, and so-

cial diffusion rather than fully informed maximization. This mixed approach is consistent

with the broader literature on bounded and procedural rationality in macro-behavioral

and agent-based models, where agents often solve local optimization problems but follow

simple rules for expectations or adoption dynamics (e.g., Visco and Zevi (2020); Borsos
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et al. (2025); Tsiatsios et al. (2023)). In this sense, the heterogeneity in behavioral rules

is not accidental but corresponds to differences in the cognitive demands and information

environments of the underlying decisions.

Choice of payment instrument There are 4 payment features in our model that the

consumers consider while deciding which payment instrument to use. These are namely

security, privacy, convenience, and peer effect. Each consumer solves a nested Constant-

Elasticity of Substitution (CES) utility function before going to the final-goods market.

In the first step they maximize each element of the P which is a K× 1 vector of features.

They are optimizing the following problem,

max
P

(α1p
−γ
1 + α2p

−γ
2 + · · · + αKp

−γ
K )−

1
γ

subject to p1 + p2 + · · · + pK = P (5.4)

where P is the total value of the payment in dollars to be made. This optimization

problem of the consumers can be thought of as if they are choosing what fraction of their

entire requirement of payment in terms of value they need to be secure, what fraction of

payment is needed to remain private, etc. The solution of the above problem is

p∗i =
P∑︁K

j=1

(︂
αi

αj

)︂− 1
γ+1

(5.5)

Now consider P a linear combination of N payment instruments mi, i = 1, · · · , N i.e.

P = ΘM where Θ is a K ×N matrix of coefficients and M is a N × 1 vector of instru-

ments. This Θ matrix is a combination of design features of the payment instruments and

consumers’ perception of features attributed to each instrument. In our model, K = 4 and

N = 3. Since we are considering payment features that are constructed through the sur-

vey of the consumers, the ranking of these should be understood in relative terms. Take,

for example, security and privacy. These two are subjective features that are perceived

differently across consumers, but they consider privacy to be an advantageous feature of

cash (ECB). The second stage of the optimization involves choosing the optimal level of

instrument given the choices of the features. Thus, K allocations that are a function of

policy choices Θi,n and the previously optimized allocation of features p∗i are obtained by

solving the following problem:

max (Θi1m
−γ2
i1 + Θi2m

−γ2
i2 + · · · + ΘiNm

−γ2
iN )

− 1
γ2

subject to mi1 +mi2 + · · · +miN = p∗i (5.6)
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The solution to the above problem is

m∗
in =

p∗i∑︁N
m=1

(︂
Θin

Θim

)︂− 1
γ2+1

(5.7)

Hence the final allocation to a means of payment n is the sum of all allocations of that

instrument across all features, i.e.,

m∗
n =

K∑︂
i=1

min (5.8)

The objective of the optimization problem can be interpreted in the following way. Imag-

ine one has to spend a certain amount of money in order to buy consumption goods.

Ideally it would not matter which payment instrument to use unless different instruments

follow different units of account. Nonetheless, many different methods of payment coexist

for various reasons. Those reasons are what we are mentioning as features . Now these

features are certain attributes independent of methods of payment, but each method of

payment shares each of these features to different degrees. A consumer derives utility

from these features, as they provide some transactional services.

Adoption of CBDC After the introduction of CBDC by the central bank, it will

become widely available in that concerning economy. Thus, adoption of CBDC would

typically depend on how a consumer sees its worth in terms of making transactions. Our

framework for feature optimization provides a suitable tool to understand the adoption.

For each time period t consumers have a set of optimal allocations of payment instruments,

i.e., {m∗
t,cash,m

∗
t,deposit,m

∗
t,cbdc} which denotes the fraction of consumption budget they

would like to spend using the respective method of payment. If the allocation is in CBDC

m∗
t,cbdc > 0.1 = mcbdc in the long run, consumers will adopt CBDC and start using it

for transactional purposes. We do not consider the possibility of riddance of CBDC.

Therefore, once onboarding of the consumer has happened, he keeps using it even if it is

m∗
t,cbdc < 0.1 for him in a certain period in the future. At the initialization, we keep this

threshold very high (∼ 1) but gradually decrease it to our desired level of threshold for

0.1 following an AR (1) process.

mt,cbdc = 0.1(1 − ρm) + ρmmt−1,cbdc + ϵt (5.9)

The parameter ρm captures the speed with which the threshold converges to the desired

threshold value mcbdc. Higher ρm would translate into slower convergence, causing slower

adoption of CBDC.
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Updating Cash and CBDC wallet

Once a consumer h has decided upon its consumption budget Ch,t and optimal alloca-

tion of payment instruments{m∗
t,cash,m

∗
t,deposit,m

∗
t,cbdc}, it needs to replenish the cash and

CBDC wallets if the balances in these wallets are not sufficient to perform the required

transactions. Therefore, consumers need to make sure it has at least m∗
t,cbdcCh,t as much

balance in the CBDC wallet m∗
t,cashCh,t as in the cash wallet. The required funds are

taken from the bank account of the concerned household. The updating can be expressed

as follows:

W j
h,t+1 = W j

h,t + max (m∗
t,jCh,t −W j

h,t, 0) where j = {Cash, CBDC} (5.10)

Notice that the household will always have sufficient funds for spending using the deposit

m∗
t,depositCh,t < Ch,t < Dh,t as long as permanent income is low. We do not allow for

consumer credit in our model. Therefore, the desired level of consumption cannot exceed

the available wealth and income of the household.

5.3.2 Price and quantity setting

A distinguishing characteristic of the CATS model lies in its unique approach to fore-

casting future demand and establishing prices for firms. Both C-firms and K-firms follow

analogous procedures in determining quantity and pricing. The primary distinction be-

tween these two lies in the nature of their goods, as C-goods are non-storable, unlike

K-goods, and C-firms consider the pass-through of the cost of new payment instruments.

Before the introduction of the CBDC, firms set prices and quantities in the following man-

ner: they start off with the pair (Pi,t, Yi,t) and notice the actual sale, Qi,t = min(Yi,t, Y
d
i,t)

as demanded quantity can differ from produced quantity. Therefore, the relative price of

the consumption goods and the actual sale are the basis for the firm’s decision-making.

Now any decision can be mapped to one of the quadrants of the (Pi,t, Yi,t) space depending

on the signal from the competing firms. Firms i ∈ {C-firms,K-firms} update their next

period’s desired output as

Y ∗
i,t+1 =

⎧⎨⎩Yi,t + ρ(−∆i,t) − 1i∈KY
k
i,t+1 if ∆i,t ≤ 0 Pi,t ≥ Pt(‘c’)

Yi,t − ρ∆i,t1i∈KY
k
i,t+1 if ∆i,t > 0 Pi,t < Pt(‘d’)

(5.11)

where∆i,t = Yi,t− Y d
i,t , ρ ∈ (0, 1) Y k

i,t+1 = (1− δk)(Y k
i,t + ∆i,t) i.e., the inventory dynamics

of capital firms. Here δk ∈ (0, 1) is the depreciation parameter of the inventories. The

parameter ρ controls the effect of the output forecasting error of that firm. The expected
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K-firms

C-firms

Banks

Household

Payment 
instument

CBDC

Cash

(a)

Pi,t

Yi,t
Y d
i,t

Pt

AC

c b

a d

(b)

Figure 5.1: The CATS-CBDC model. (a) An illustration of the agent classes of the
model and their interactions. Agent classes are represented in green ovals, interaction
types are specified in rectangles, and markets are specified in yellow rectangles. The
directions of the arrows indicate the flow of the specific good, e.g., consumption goods are
acquired by households from C-firms, while labor is acquired by firms from households.
The payment instrument block represents the transactions in between households and C-
firms in the consumption market. A household holds CBDC, cash, and deposit as payment
instruments. The arrows with cash, CBDC and deposits are directed from households to
the bank and central bank because households hold deposits at the bank and holds cash
and CBDC at the central bank (meaning these are the liabilities of the central bank). (b)
An illustration of the firms’ decisions on the price-quantity space. Prices Pi,t and quantities
Yi,t of goods are updated following the 4 solid black arrows (representing Equations (5.15)
and (5.11)), and not the dashed black arrows. The dashed blue line is the minimum price
they can charge, corresponding to the average cost for production.
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future demand of the firm follows an adaptive rule:

Y e
i,t+1 = Y e

i,t + ρ(Y d
i,t − Y e

i,t) (5.12)

Therefore, the expected demand of the firm is the weighted average of the current and

past quantities with exponentially decaying weights.

In short, when demand is higher than the current period’s production, increase the next

period’s production and vice versa. Notice that in the four possible signal scenarios,

depicted in the four quadrants of Figure 5.1b of the main text, firms can only change

either prices or adjust their quantities. Equation (5.11) describes quadrants ‘c’ and ‘d’ of

the figure; for the price setting in the other two scenarios (quadrants ‘a’ and ‘b’ of the

figure), firms follow the updating rule

Pi,t+1 =

⎧⎨⎩Pi,t(1 + ηi,t+1) if ∆i,t ≤ 0 Pi,t < Pt (‘a’)

Pi,t(1 − ηi,t+1) if ∆i,t > 0 Pi,t ≥ Pt (‘b’)
(5.13)

where ηi,t+1 ∼ U(0, η̄). So when there is excess demand, firms increase their price if it is

lower than average, since consumers will be willing to pay a higher price, and vice versa.

Firms also have average costs (AC) and cannot set the price below the level of AC. C-

firms produce, taking the output of the K-firms as input, and therefore participate in the

K-goods market using search and match exactly like in the consumption goods market.

The introduction of CBDC as a new payment instrument brings adoption and adjustment

costs for merchants. These costs are not meant to represent a permanent pecuniary fee but

the short-run frictions associated with integrating an unfamiliar technology, upgrading in-

frastructure, training staff, and adapting internal processes. As noted by Hall (2004), such

transitional burdens are typical in the diffusion of new technologies, and Désiré Kanga and

Murinde (2022) delivers evidence that fintech adoption across countries proceeds slowly

and unevenly, with measurable effects on long-run economic outcomes.

In this context, firms in our model perceive CBDC adoption as a potentially disruptive

process and adjust their pricing strategies to compensate for temporary setbacks. This

assumption is consistent with empirical evidence of merchant pass-through of payment-

related costs in North America (Stavins et al., 2023). Accordingly, after CBDC is intro-

duced, the pricing mechanism of C-firms changes to incorporate the expected short-run

costs of transitioning to the new payment system—such as forecast errors regarding CBDC

usage or short-lived mismatches between consumer payment preferences and firm readi-

ness.

While CBDC may reduce long-run operational costs at the system level, these benefits do

not eliminate the transitional phase. Under the intermediated design assumed here, the
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introduction of CBDC can even increase balance-sheet interactions, as firms must convert

CBDC into deposits and consumers must top up CBDC wallets from the banking system.

Our modeling of a temporary payment cost therefore reflects short-run adoption frictions

rather than a structural claim about the long-run costliness of CBDC.

Let’s imagine that out of total trade, σt a fraction comes from existing methods of pay-

ment (cash and deposit) and 1 − σt is carried out using CBDC. CBDC transactions are

costly, and they cost τt a fraction of the transaction volume, whereas transactions made

using deposits are costless. Therefore, net revenue after subtracting the costs becomes

Revenuet =
[︂
σt + (1 − σt)(1 − τt)

]︂
PtYt (5.14)

C-firms anticipate these costs and take that into account while setting prices to make up

for the losses due to additional transaction costs incurred for CBDC. Consequently, the

new price-setting mechanism becomes

Pi,t+1 =

⎧⎪⎨⎪⎩
Pi,t

Xi,t+1
(1 + ηi,t+1) if∆i,t ≤ 0 and Pi,t < Pt

Pi,t

Xi,t+1
(1 − ηi,t+1) if∆i,t > 0 and Pi,t ≥ Pt

(5.15)

where Xe
i,t+1 = σei,t+1 + (1 − σei,t+1)(1 − τt+1). Notice that if C-firms anticipate that all

trades will be in deposit, then σet+1 = 1 and Xe
t+1 = 1. Hence, C-firms get back to the

original pricing mechanism used in the absence of CBDC. On the other hand, if the C-firms

anticipate that all future trades will be in CBDC, then σet+1 = 0 and Xe
t+1 = 1 − τt+1.

Setting prices in this way, C-firms make sure that their expected revenue in the next

period is the same as it would have been in the absence of CBDC and any transaction

costs.

The expected share of deposit transactions evolves as,

σei,t+1 = κσi,t + (1 − κ)(1 − nt) (5.16)

where nt is the fraction of CBDC users in the economy in period t.

When κ = 0, the C-firms is taking only a fraction of CBDC users in the whole economy

into consideration but not its past experience with the number of CBDC users visiting it.

Therefore, σei,t+1 = 1 − nt in that case. In the long run when nt → 1, the pricing update

factor i.e Xe
i,t+1 = 1 − τt+1. So if C-firms neglect their firm-specific experience and only

consider the aggregate economy, in the long run these two decisions are equivalent.
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5.3.3 Production, investment, and employment

Means of production in the C-firms are capital Ki,t and labour Ni,t. The production

function follows Leontief technology, i.e., Ŷi,t = min (αNi,t, κKi,t) where α and κ are

labor and capital productivity, respectively. If the labor is abundant and capital is not

fully utilized, then the output becomes Yi,t = ωi,tŶi,t = ωi,tκKi,t where ωi,t ∈ (0, 1) is

the capacity utilization rate. Therefore, the required labor for the production is Ni,t =

(κ/α)ωi,tKi,t. Capital is accumulated by the firms and follows

Ki,t+1 = (1 − δωi,t)Ki,t + Ii,t (5.17)

where only utilized capital depreciates and Ii,t is the investment.

Investment opportunities of the firms are infrequent (one in every 1/γ period, where γ

is the fraction of firms adjusting capital), and capital is fixed in the short run. This

gives rise to sticky and durable capital, as firms take investment decisions in an uncertain

environment before the consumption market opens, and this anchors decisions on average

lifetime capital stock. The average lifetime capital stock evolves as

Ki,t−1 = νKi,t−2 + (1 − ν)ωi,t−1Ki,t−1 (5.18)

where ν ∈ (0, 1).

Firms decide on investment in two parts. Firstly, they make up for the worn-out capital,

keeping in mind the future opportunities of capital adjustment i.e Iri,t = δ
γ
Ki,t−1. Sec-

ondly, they target the desired long-term rate of capital utilization ω. Therefore, the total

investment of the firm becomes

Ii,t =

(︃
1

ω
+
δ

γ

)︃
Ki,t−1 −Ki,t (5.19)

and the capital stock evolves as follows:

Ki,t+1 =

(︃
1

ω
+
δ

γ

)︃
Ki,t−1 − δωi,tKi,t (5.20)

if the required capital for the desired level of production is lower than the available

capital stock, the firm uses a fraction of the stock. If the required capital is higher than

the available capital stock, the firm fully utilizes the stock, but the level of production is

not reached. Following these rules, we get the required number of workers as

N∗
i,t+1 = min

(︂κ
α
K∗
i,t+1,

κ

α
Ki,t+1

)︂
, (5.21)
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where K∗
i,t+1 is the required capital for the desired production level, and Ki,t+1 is the

available capital stock.

After deciding on the required number of workers to match the desired level of production,

firms post vacancies as follows:

νi,t+1 = max
(︁
N∗
i,t+1 −Ni,t, 0

)︁
. (5.22)

K-firms produce only using labor input from the workers and use linear technology Yj,t =

αNj,t. Hence, the labor requirement of the firm is Nj,t/α. To make up for the required

workers, firms post vacancies and compete with C-firms in the labor market for hiring.

Consumer matching protocol

Prior to the introduction of the CBDC in the economy, our model follows the matching

protocol of the consumption goods market present in Assenza et al. (2015). The general

framework of matching works in the following way: consumers randomly choose Zc (here

Zc is a subset of total consumption firms in the model) firms among F consumption firms

and sort them according to the ascending order of their prices. If the first firm has a

sufficient stock of goods, the consumer will spend all his budget. Otherwise, he will buy

as much as he can buy from that firm and will go to the next firm in line. He will keep

doing this either until he consumes his entire consumption budget or the total production

of Zc firms is lower than his consumption budget. In the latter case, the consumer saves

the rest as an involuntary savings. Matching occurs in a slightly different way once we

consider the possibility of using different payment methods. Let’s start with the simple

case prior to CBDC. Please note that all the following steps are preceded by the sorting

of Zc firms.

• With cash and deposits only: If the first firm has sufficient goods to sell, the con-

sumer spends all the consumption budget i.e. he spends m∗
t,depositCh,t from bank

deposit, m∗
t,cashCh,t form cash wallet. In case the firm does not have enough goods,

the consumer buys as much as he can and randomly chooses either cash or deposit to

pay with. If he chooses cash to pay for the entire purchase from that firm, he might

face a lack of sufficient balance in his wallet. In that case, he pays the rest using

the deposit. Contrarily, if he chooses deposit, he pays from his bank account, and

the balance in the wallet is left untouched. Notice that in these events, consumers

may end up accumulating cash that they originally intended to use or might spend

more than what they intended from the deposit.

• With cash, deposits, and CBDC: The consumer base gets divided into two groups
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in this case: we have users, who have adopted CBDC and non-users who have not

adopted CBDC. There are 4 possibilities that arise depending on the consumer’s

adoption/firm’s acceptance status.

– Consumer user vs. firm accepts : we can think of this occurrence as perfect

matching. This is similar to the transaction algorithm with cash and deposits

only. The major difference is that consumers now spend m∗
t,depositCh,t from bank

deposits, m∗
t,cashCh,t from cash wallets, and m∗

t,cbdcCh,t from CBDC wallets.

When the current firm does not have enough goods, the consumer buys as

much as he can and randomly chooses from cash, CBDC, and deposit to pay

with. If he chooses CBDC (cash) to pay for the entire purchase from that firm,

he might face a lack of sufficient balance in his CBDC wallet (cash wallet). In

that case he pays the rest using the deposit. Contrarily, if he chooses deposit,

he pays from his bank account, and the balance in the CBDC wallet and cash

wallet is left untouched. Contrarily, if he chooses to deposit, he pays from his

bank account, and the balance in the wallet is left untouched.

– Consumer user vs. firm non-acceptance: This case causes a major friction in

the consumption market. Since the consumer cannot spend its allocated budget

on CBDC, it saves the m∗
t,cbdcCh,t. Thus, the consumer spends the non-CBDC

fractions of the allocated budget, and we have the same transaction algorithm

as the one without the CBDC case. Notice that the firm faces a reduction

in sales as it did not accept CBDC. This creates a short-term contractionary

transmission channel for affecting the real economy due to the introduction of

a new payment method.

– Consumer non-user vs. firm non-accept : this case can also be considered a

perfect match, and the transaction algorithm is just like the one before the

introduction of CBDC. Here, the firm’s decision of acceptance of CBDC does

not matter.

– Consumer non-user vs. firm acceptance: This case is similar to the one be-

fore, as the firm’s decision of acceptance of CBDC also does not matter. The

transaction algorithm follows the one before the introduction of CBDC.

Empirically, frictions in payment acceptance can indeed lead consumers to postpone or

abandon intended purchases, generating patterns similar to the involuntary saving mech-

anism in our model. Evidence from the online retail sector shows that when consumers

reach the checkout stage but cannot complete a transaction, often due to missing pay-

ment options, technical obstacles, or lack of compatibility with the merchant’s preferred
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payment channel, they frequently exit without purchasing, despite having a positive con-

sumption intention. Recent research documents that “hesitation at checkout” and the

absence of suitable payment methods are among the strongest predictors of shopping cart

abandonment, a phenomenon with rates exceeding 70% globally and exceeding 80% in

certain environments (see Ong et al. (2022)). These findings illustrate that consumers

regularly curtail planned consumption when payment frictions arise, even temporarily,

which in practice produces unplanned or involuntary saving.

5.3.4 Credits and banks

Each firm takes loans from the bank to fund its production when internal funding is in

short supply. For C-firms there are typically two costs, the wage of the workers and

the funding for investment, whereas K-firms only acquire the cost of wages. Hence the

required loans by the firms are

Fi,t = max (wNi,t − 1i∈C−firmsPk,t−1Ii,tDi,t−1, 0) (5.23)

There is only one bank in the economy. It accepts all deposits from agents and does

not provide deposit interest. The bank evaluates the financial soundness of the firms using

the entire past data of the firm’s balance sheet. For each firmf , it computes the following

leverage ratio:

λf,t =
Lf,t−1 + Ff,t

Ef,t−1 + Lf,t−1 + Ff,t
. (5.24)

The bank then estimates a logistic regression of the individual bankruptcy probability ϕf

for each firm as ϕf = f(λf ). Considering that the firms are paying θ a fraction of their

loan back each period, the bank sets the interest rates of the loan for each bank as

rf,t = µ

{︃
1 + r

θ

Φ(θ, Tf,t)
− θ

}︃
, (5.25)

where Tf,t = 1/ϕf,t i.e., the number of periods after which the firm defaults. Optimization

of the lending is done by considering a maximum admissible loss for the bank as a fraction

of the bank’s equity. If ∆Lf,t is the new extended loan to the firm, then it follows that

ϕf (∆Lf,t + Lf,t−1) ≤ ζEb
t , (5.26)

the maximum admissible loan for a firm f becomes

F f,t =
ζEb

t − ϕfLf,t−1

ϕf
. (5.27)
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In summary, if the loan requirement of the firm is less than the maximum admissible

loan for that firm, the firm gets the full funding. On the other hand, if the loan requirement

is higher than the maximum admissible loan, the bank lends only up to the limit, and the

firm has to cut down its hiring, production, etc.

The bank remunerates the deposits/savings at a variable interest rate rdt . We assume that

the ex-ante bank remunerates the 1 quarter of the central bank’s policy rate. This is in

line with much empirical literature that explored the limited pass-through of policy rate

to deposit rate (for example, see Drechsler et al. (2017)). Since the equity of the bank

may default on paying the interest rate on deposits. Therefore, we define an effective

deposit interest rate as follows:

r̃dt = max(0,min(0.2Equity, rdtDt)) (5.28)

Thus, the bank only pays the ex-ante deposit interest rate if the total interest payable is

lower than 20% of the equity of the bank.

Government bailout of banks: We introduce government bailout in terms of equity

of the banks. Whenever the book value of the equity of the bank (i.e., the difference

between the asset and liability columns of the balance sheet of the bank) is negative, the

bank cannot continue to operate. This becomes a hurdle for the loan process and deposit

remuneration process. Since we have a single bank in the economy, a representative bank

should always be operative in order to sustain the primary model dynamics for our research

purposes. During the bailout process, the government replenishes the bank’s equity to

the initialized value (3000 in our example). The bailout cost goes into the balance sheet

of the government as an expenditure.

5.3.5 Central Bank

The central bank in our model is the sole issuer of cash, CBDC and bank reserves. These

monetary assets enter the economy in a demand driven manner: whenever households

or banks choose to hold more of a particular instrument, the central bank supplies it by

expanding its balance sheet and adjusting its holdings of government bonds. In this sense

the supplies of cash, CBDC and reserves are perfectly elastic, and there is no quantity

constraint imposed by the central bank.

Monetary policy operates through the policy rate, which follows a Taylor type rule,

rt = ρCBrt−1 + (1 − ρCB){λu(ut − ū) + λπ(πt − π̄)}, (5.29)
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where ū and π̄ denote the central bank’s unemployment and inflation targets. The policy

rate also determines the interest rate on government bonds. CBDC and cash carry no

interest, consistent with recent ECB discussions (see ECB (2024a)), while reserves earn a

fixed spread of 0.8 percent per year above the policy rate.

On the liability side of the balance sheet, the central bank records cash, CBDC and

reserves, and on the asset side, it holds government bonds. Because it accommodates all

desired holdings of monetary assets, the central bank effectively acts as a lender of last

resort within the model.

5.4 Calibration and Validation

Table 5.1: Model Parameters

Parameter Value Description

zc 2 Number of applications in consumption–good market

zk 2 Number of applications in capital–good market

ze 5 Number of job applications per worker

ξ 0.73817 Household wealth memory parameter

χ 0.017175 Consumption wealth share

qadj 0.73011 Quantity adjustment parameter

padj 0.16485 Price adjustment parameter

µ 1.007 Bank gross markup

η 0.03 Capital depreciation rate

Iprob 0.32595 Investment probability

ϕ 0.0023828 Bank leverage parameter

θ 0.032792 Debt–reimbursement rate

δ 0.15908 Memory parameter in capital–utilization dynamics

α 0.66667 Labour productivity

k 0.33333 Capital productivity

div 0.2 Dividend share

X̄ 0.85 Desired capital utilization

δinv 0.078131 Inventory depreciation rate

b1 −15 Risk–evaluation parameter (general)

b2 13 Risk–evaluation parameter (general)

bk1 −5 Risk–evaluation parameter (capital goods)

bk2 5 Risk–evaluation parameter (capital goods)

tax rate 0.0 Tax rate on profits



201 An Agent-Based Model of Central Bank Digital Currency

Table 5.1 – Continued

Parameter Value Description

wup 0.1 Wage upward adjustment parameter

wdown 0.01 Wage downward adjustment parameter

utarget 0.1 Unemployment target

wb 1.0 Base wage

τd 0.00 Tax rate on dividends

rf 0.01 Refinancing rate

r 0.01 Baseline interest rate

τ 0.01 CBDC transaction cost for firms

κ 0.8 Revenue–share parameter

b3 −10 Firm CBDC-acceptance parameter

γ −2 Elasticity of payment preferences

For calibrating the parameters related to the adoption of payment methods, we fol-

low both existing empirical literature and ad hoc values. The parameters αi in the CES

aggregator represent the relative importance that consumers assign to each payment fea-

ture: security, privacy, convenience, and peer influence, when choosing how to allocate

the value of a payment across these characteristics. Rather than fixing these weights ex-

ogenously, we calibrate them using a procedure that captures heterogeneity in perceived

feature importance. Specifically, we draw the vector α from a Dirichlet distribution whose

shape parameters µ = (10, 1.5, 1.0, 1.5) encode the empirical ranking of features observed

in survey data. In practice, this is implemented by sampling independent Gamma(µi, 1)

random variables and normalizing the result so that the elements of α sum to one. The

relatively large value of µ1 reflects that consumers systematically place greater weight

on security, while the smaller parameters for privacy, convenience, and peer effects al-

low for more dispersion in perceived importance. This calibration approach permits each

consumer to draw a personalized set of feature weights, thereby introducing realistic cross-

sectional variation in payment preferences. In our baseline model, initialize the model by

θ taking the following value:

θ =

⎡⎢⎢⎢⎢⎣
1 0 0.01

0.2 0.8 0.01

1 1 0

1 1 0

⎤⎥⎥⎥⎥⎦
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In this matrix, each column signifies cash, deposits, and CBDC, while each row repre-

sents aspects such as privacy, security, convenience, and peer pressure. Throughout a

simulation run, parameters corresponding to cash and deposit remain constant, while the

security and privacy parameters for CBDC are updated in each epoch. The rationale be-

hind this approach is to introduce uncertainty regarding the design of CBDC, particularly

in terms of security and privacy, to users. Consequently, agents receive distorted signals

about these design parameters. However, over time, the noise diminishes, leading these

parameters to converge towards the actual design parameters established by the central

bank. The remaining parameters governing behavior in the real side of the economy follow

Balance sheet items Households C-firms K-firms Bank Central bank Total

Capital K K

Inventories ∆C ∆K ∆

Deposits DH DC DK −D 0

Reserves Rb −Rb 0

Loans −LC −LK L 0

Govt. Bonds B B

Equity −EH −EC −EK −EB −(K + ∆ +B)

CBDC DCH DCC DCK −DC 0

Cash CashH CashC CashK −Cash 0

Table 5.2: The balance sheets of different blocks of the model.

closely the ranges and interpretations used in Assenza et al. (2015).3 In the consumption-

good sector, the capital–productivity parameter κ and the labor–productivity parameter

α jointly determine the Leontief technology used by C-firms. In the benchmark calibra-

tion, we set α = 0.6667 and κ = 0.3333, which implies a capital–labor ratio consistent

with the numerical examples in Assenza et al. (2015). These values ensure that firms face

meaningful capacity constraints whenever demand expands, reproducing the bottleneck

dynamics that are essential in generating realistic business-cycle fluctuations. The depre-

ciation rate of effective capital, δ = 0.159, is calibrated to match the stylized fact that

only the utilized portion of the capital stock wears out.

Turning to behavioral parameters, the price- and quantity-adjustment coefficients (padj, qadj)

regulate how aggressively firms respond to forecasting errors in demand. Following As-

senza et al. (2015), we choose padj = 0.1649 and qadj = 0.7301, values that generate granu-

lar but persistent dispersion in individual prices and production plans. Inventory depreci-

3 See Assenza et al. (2015) for a detailed discussion of the behavioural rules of C-firms and K-firms, their
adjustment frictions, and the capital–credit feedback mechanisms that shape the dynamics of the model.
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ation for K-firms is set at δinv = 0.0781, capturing the fact that capital-goods inventories

deteriorate faster than installed capital. The desired utilization rate of capital,X̄ = 0.85,

reflects the long-run level around which firms stabilize their production plans once short-

term shocks dissipate.

On the labor-market side, the wage-adjustment parameters wup and wdown translate the

asymmetric Phillips curve mechanism embedded in the model. Increasing wages at a

faster rate (wup = 0.1) than they decrease (wdown = 0.01) is consistent with the empirical

observation that nominal wages are more flexible downward only in recessions, a feature

built into the original model through region-dependent adjustment rules. The target un-

employment rate utarget = 0.1 anchors wage dynamics around a meaningful labor-market

tightness threshold.

Financial parameters are set in accordance with the credit block described in Assenza

et al. (2015). The leverage-sensitivity coefficients (b1, b2, bk1, bk2) govern how the bank

maps firm leverage into default probabilities via logistic regressions updated over time.

Their values, b1 = −15, b2 = 13, bk1 = −5, and bk2 = 5, produce a convex response of

bankruptcy risk to rising leverage, consistent with the empirical patterns recovered by the

bank in the model’s learning window. The refinancing rate is fixed at rf = 0.01, while

the parameter governing the repayment schedule, θ = 0.0328, is chosen to reproduce re-

alistic maturities of firms’ debt contracts as described in Eq. (8.2). Finally, the dividend

share div = 0.2 and the consumption-wealth share χ = 0.017 ensure that households’

spending remains sensitive to income fluctuations, thereby propagating shocks through

the demand side of the economy. Overall, these parameters jointly replicate the key mech-

anisms identified in Assenza et al. (2015), adaptive price and quantity adjustment, sticky

capital accumulation, credit-sensitive financial fragility, and endogenous fluctuations in

aggregate demand, while allowing the extended model to accommodate the additional

payment-instrument block described in the present paper.

To evaluate the empirical performance of the model, we compare simulated macroeco-

nomic series with U.S. quarterly data from 1948Q1 to 2019Q4 using kernel density es-

timates, as shown in Figure 5.2. This distributional comparison provides a transparent

measure of goodness of fit by assessing whether the model replicates the shape, disper-

sion, and skewness of the empirical data rather than only matching selected moments.

The simulated consumption and investment gaps reproduce several qualitative features of

the historical distributions, including their right-skewed shape and moderate dispersion,

reflecting the asymmetric adjustment of firms under capacity constraints and financial

frictions. Inflation dynamics also display a realistic concentration around moderate in-

flation rates with a visible right tail, echoing patterns in the data. At the same time,

the model systematically underestimates volatility in unemployment and the output gap,
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generating distributions that are substantially more compressed than those observed in

the U.S. economy; this suggests that the current specification of labor-market frictions

and demand propagation may not produce sufficient amplification of shocks. Overall, the

kernel densities highlight that while the model captures the broad qualitative distribu-

tional features of several business-cycle variables, it remains conservative in generating

macroeconomic volatility, providing a clear benchmark against which the introduction of

CBDC-related mechanisms can be subsequently evaluated.

Figure 5.2: Kernel density estimate of real and simulated data from MABM without
CBDC

5.5 Results

5.5.1 Model without CBDC

Our baseline model for the analysis is an economy where CBDC has not yet been in-

troduced. Therefore, agents have access to only two payment instruments: cash and

deposits. The features of these payment instruments remain consistent across both the

baseline and the CBDC-augmented models. Agents optimally adapt and allocate their

use of payment instruments based on these shared features, though the parameter values

may differ across instruments.

It is important to note that we do not distinguish between wealth and deposits in this

model—agents save exclusively through bank deposits. Moreover, these are not term

deposits; agents can withdraw them overnight while still receiving remuneration. This
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Figure 5.3: This figure several simulated macroeconomic variables obtained from our
MABM model without CBDC. The model is able to produce standard results of the
macroeconomic variables as in Assenza et al. (2015). The endogenous business cycle of
the economy is produced without any exogenous shocks, a niche of the ABM model.

assumption results in a very large outstanding deposit amount.

In the baseline model, we simulate the economy for 1,000 periods, and the results are

shown in Figure 5.3. Aggregate variables such as output, consumption, investment, and

unemployment behave as in a standard macroeconomic agent-based model (ABM) with

credit (see Assenza et al. (2015)). Fluctuations in these variables are not driven by ex-

ogenous shocks but rather emerge endogenously as an emergent property of the model.

The system is never in a true equilibrium but fluctuates around a steady-state value.

This setup achieves two things: first, endogenous fluctuations arise without any external

disturbance; second, the fluctuations remain within a bounded range, producing a ‘no-

growth’ economy. This latter point is important, as we do not include any growth factors

in the model.

Simulations show that during normal times, liquidity circulates among economic agents,

maintaining macroeconomic stability. However, as firms expand and capital goods prices

rise, liquidity imbalances increase, leading to higher debt burdens and heightened risk

perceptions. This causes credit rationing, which reduces investment and production, ul-

timately triggering a recession. During downturns, capital goods prices fall, debt levels

decline, and firms rebuild liquidity. Recovery begins when firms regain access to credit,



An Agent-Based Model of Central Bank Digital Currency 206

boosting production and employment.

On the banking side, high debt accumulation typically precedes recessions, as banks

tighten lending in response to rising firm risk. Conversely, recoveries are facilitated by

easing credit conditions, which enable economic expansion. The correlation between debt

and unemployment in this artificial economy mirrors real-world patterns, underscoring

the critical role of financial constraints in shaping business cycles.

Figure 5.4 shows the response of variables related to payment instruments. We refer to M1

variables as those that comprise the M1 measure of money in an economy. In the baseline

economy, these are deposits and cash. Since there is only a single deposit measure, the

total level of deposits is much higher than that of cash. However, the usage of cash and

deposits, as reflected in the total number of transactions, is similar. The same holds for

the total transaction volume.

This indicates that deposits are used as frequently as cash in transactions, despite their

larger storage value. The volume of cash used per transaction is slightly higher than that

of deposits, as agents value deposits more highly. This is because deposits earn interest,

unlike cash, which makes them more attractive for storing value. Notice that the peak

difference between the volume of cash transactions and the volume of deposit transactions

is larger than the difference at the troughs. This implies that during times when banks

are unable to maintain deposit interest rates due to equity losses, the storage value of

deposits depreciates relative to cash.

5.5.2 Model with CBDC

We study the introduction of CBDC in the baseline economy as a sudden regime change

whereby CBDC becomes available to consumers as a new method of payment alongside

cash and deposits. This experiment replicates a structural shift in the economy. Since

the model is backward-looking, there are no anticipation effects. Thus, the introduction

of CBDC functions like an MIT (mechanical, immediate, and temporary) shock. We

introduce CBDC at t = 400 during a simulation that runs for 1,000 periods, providing

sufficient time for the model to stabilize.From Figure 5.5, we observe that introducing

CBDC in the baseline model has a clear contractionary effect on the economy. The key

driver of this contraction is the adoption of the new payment technology. The adoption

of CBDC affects the economy through a two-sided market mechanism. On the demand

side of the economy, agents adopt the new payment technology gradually. This slow

adoption is due to noisy dissemination of information about the technical design of CBDC.

We assume that when the central bank first launches CBDC, its features are not fully

trusted by agents due to initial skepticism. As a result, agents assign lower values to the

features in the θ matrix when optimally allocating across payment instruments. Over
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Figure 5.4: Some relevant simulated time series of payment instruments in our MABM
model without CBDC. Deposit remains the largest share in the M1 as we do not make
distinction between checking deposit and time deposits this reflecting entire wealth of the
agents.

time, through increased usage and exposure, the features become more credible, resulting

in higher adoption. In Figure 5.6, we plot the variables related to payment instruments.

The total number and volume of CBDC transactions grow gradually as more consumers

begin using the new payment method. It is noteworthy that the levels of cash and deposit

usage remain substantially higher than that of CBDC. This is due to the initially lower

perceived values of CBDC in terms of security and privacy compared to the existing

payment instruments. Now turning to the supply side of the economy: consumer goods-

producing firms begin accepting CBDC as a payment method while still considering the

expected number of transactions made via traditional means, i.e., cash and deposits. The

probability of acceptance of CBDC is given by the following function:

P(accept) =
exp(4 + b3σt)

1 + exp(4 + b3σt)
(5.30)

The parameter b3 takes a negative value in our model. Therefore, the probability of

accepting CBDC decreases if firms expect that consumers will use traditional means

of payment in the next period. During the initial phase of the CBDC launch, fewer

consumers use CBDC, leading firms to anticipate more payments in cash and deposits.

As a result, consumers who are willing to pay in CBDC often do not find firms that accept



An Agent-Based Model of Central Bank Digital Currency 208

it. This leads to involuntary savings, as consumers retain the unspent portion of their

intended expenditures, resulting in a buildup of CBDC wallet and deposit balances (see

Figure 5.7). This has a twofold effect on firms: (1) they expect lower payments in CBDC

in the subsequent period, reinforcing their reluctance to accept it, and (2) they reduce

production in response to lower effective demand caused by the mismatch in payment

instruments. Consequently, firms downsize their operations by laying off workers and

distributing lower dividends to households.

Figure 5.5: This figure several simulated macroeconomic variables obtained from our
MABM model when CBDC is introduced at t = 400 in our baseline parameter setting

5.5.3 Sensitivity analysis

In this exercise, we examine the effects of strong complementarity between the features of

payment instruments that consumers consider in their decision-making. In the baseline

model, we set γ = −2 and then increase the absolute value to γ = −10. A higher absolute

value of γ implies stronger complementarity among payment features.

From Figure 5.8, we observe that a higher degree of complementarity introduces a lag

in the response of major macroeconomic variables. Both output and consumption dis-

play this lag, which can be attributed to the initial drag in CBDC usage. With stronger

complementarity, consumers assign similar importance to other payment instruments like

cash and deposits. Consequently, when CBDC adoption is low, due to factors such as
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Figure 5.6: Some relevant simulated time series of payment instruments in our MABM
model when CBDC is introduced at t = 400 in our baseline parameter setting. The green
line is for deposits, the blue line is CBDC and the purple line is for cash. As CBDC was
introduced at t = 400, the level of CBDC usage starts gradually increasing after t = 400

Figure 5.7: Some relevant simulated time series of consumer behaviour in our MABM
model when CBDC is introduced at t = 400 in our baseline parameter setting
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Figure 5.8: The red line plots the behavior of macroeconomic variables, γ = −10 and
blue line plots our baseline parameter setting (i.e.,γ = −2) in our MABM with CBDC

Figure 5.9: The red line plots behavior of some payment instrument variables with γ =
−10 and blue line plots our baseline parameter setting (i.e. γ = −2) in our MABM with
CBDC
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lack of usage or vendor acceptance, consumers also reduce their usage of the other in-

struments. As a result, final goods producers experience lower sales compared to the

high-substitution case.

In response, C-firms reduce production due to inventory buildup and downsize their work-

force. Unemployment rises accordingly and follows the same lagged pattern seen in output

and consumption. Figure 5.9 plots variables related to payment instruments. The total

CBDC level is noticeably lower in the high-complementarity scenario compared to the

high-substitution scenario. CBDC usage is significantly reduced when γ is more negative.

Furthermore, the volatility of CBDC payment volume is higher in the high-substitution

case than in the high-complementarity case. Since stronger complementarity reduces over-

all payment instrument usage, it also dampens volatility. As CBDC adoption increases,

the lag in output, consumption, and other macroeconomic variables diminishes, and these

variables begin to move in sync with the economic cycle. Interestingly, once adoption

reaches a critical level, output and consumption become higher in the complementarity

scenario than in the substitution scenario, resulting in lower unemployment.

5.6 Conclusions

This paper set out to explore how the introduction of a CBDC might affect a modern

economy, using an agent-based macroeconomic model grounded in micro-level behavior.

Our simulations show that the introduction of CBDC is far from a neutral change; it

creates a period of adjustment that significantly impacts macroeconomic variables such

as output, consumption, and employment.

In the short run, we find that the economy contracts following the introduction of CBDC.

This is primarily due to mismatches in adoption between consumers and firms: while con-

sumers are slow to adopt the new payment method—particularly when uncertain about

its privacy and security—firms are reluctant to accept CBDC unless a sufficient number

of customers are already using it. This creates a feedback loop: limited acceptance dis-

courages usage, and limited usage discourages acceptance. As a result, some consumers

are unable to spend their full consumption budgets, reducing effective demand, prompting

firms to scale back production, and causing unemployment to rise.

Importantly, we also find that the design of the CBDC and the perceived value of its

features play a major role in how this transition unfolds. When consumers view features

such as privacy, convenience, and security as complementary rather than substitutable,

CBDC adoption is even slower. In such scenarios, the initial economic contraction is

deeper and more persistent. However, once adoption catches up, the economy rebounds

and can achieve higher output and lower unemployment compared to the baseline.
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Overall, the results suggest that while CBDC has the potential to improve payment effi-

ciency and long-term welfare, the path to that outcome is shaped by behavioral frictions

and coordination problems. Policymakers should take these transitional dynamics seri-

ously. Early communication about CBDC design, efforts to build trust, and temporary

adoption incentives could help smooth the adjustment and mitigate the short-run eco-

nomic costs observed in our model.
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Appendices

5.A Optimization on features and instruments

Say we are optimizing the following problem:

max
P

(α1p
−γ
1 + α2p

−γ
2 + · · · + αKp

−γ
K )−

1
γ (5.31)

subject to p1 + p2 + · · · + pK = P (5.32)

Where P is a K × 1 vector with elements pi = 1, · · · , K. Taking the first-order condition

with respect to a generic element pj we get,

−1

γ
(α1p

−γ
1 + α2p

−γ
2 + · · · + αKp

−γ
K )−

1
γ
−1(−γ)p−γ−1

j αj = λ

(α1p
−γ
1 + α2p

−γ
2 + · · · + αKp

−γ
K )−

1
γ
−1αjp

−γ−1
j = λ

Where λ is the Lagrangian multiplier.

Therefore, taking ratio of the FOCs of the two generic elements P , we get

αj
αi

(︃
pj
pi

)︃−γ−1

= 1 for j ̸= i

pj
pi

=

(︃
αi
αj

)︃− 1
γ+1

Dividing Eq 5.32 by pi we get,
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p1
pi

+
p2
pi

+ · · · +
pj
pi

+ · · · +
pK
pi

=
P

pi

p∗i =
P

p1
pi

+ p2
pi

+ · · · +
pj
pi

+ · · · + pK
pi

p∗i =
P(︂

αi

α1

)︂− 1
γ+1

+
(︂
αi

α2

)︂− 1
γ+1

+ · · · +
(︂
αi

αK

)︂− 1
γ+1

p∗i =
P∑︁K

j=1

(︂
αi

αj

)︂− 1
γ+1

Notice that, we can repeat the same process for all other elements of P and obtain their

optimal values.

Now consider P is a linear combination of N payment instruments mi, i = 1, · · · , N
i.e. P = ΘM where Θ is a K × N matrix of coefficients and M is a N × 1 vector of

instruments. Therefore the optimal level of features takes the form,

P ∗ = ΘM ∗

from which we can retrieve the optimal level of instruments as

M ∗ = Θ−1P ∗ (5.33)
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5.B Optimization with constraints on the instruments

Say we are optimizing the same problem:

max
P

(α1p
−γ
1 + α2p

−γ
2 + · · · + αKp

−γ
K )−

1
γ (5.34)

but with a constraint that the total allocation on different instruments should sum to the

available liquidity. Therefore the constraint takes the form of

m1 +m2 + · · · +mN = P (5.35)

Notice that we can write the constraint 5.35 in terms of payment features using the

relationship of features and instruments i.e. M = Θ−1P . Now if the matrix has the

following form

Θ−1 =

⎡⎢⎢⎣
θ̃11 . . . θ̃1K
...

. . .
...

θ̃N1 . . . θ̃NK

⎤⎥⎥⎦
Therefore, the constraint 5.35, takes the following form:

(θ̃11 + · · · + θ̃N1)p1 + (θ̃12 + · · · + θ̃N2)p2 + · · · + (θ̃1K + · · · + θ̃NK)pK = P (5.36)

In short, the coefficientpj in the constraint is the sum of the elements of jth column of

Θ−1. Hence the first-order condition of the optimization problem is,

(α1p
−γ
1 + α2p

−γ
2 + · · · + αKp

−γ
K )−

1
γ
−1αjp

−γ−1
j = λ(θ̃1j + · · · + θ̃Nj)

Therefore, taking ratio of the FOCs of the two generic elementsP , we get

αj
αi

(︃
pj
pi

)︃−γ−1

=
(θ̃1j + · · · + θ̃Nj)

(θ̃1i + · · · + θ̃Ni)
for j ̸= i
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pi

=

(︄
(θ̃1j + · · · + θ̃Nj)

(θ̃1i + · · · + θ̃Ni)

αi
αj
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γ+1

Dividing Eq 5.36 by pi we get,
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Robin Allesiardo and Raphaël Féraud. Exp3 with drift detection for the switching ban-

dit problem. In 2015 IEEE International Conference on Data Science and Advanced

Analytics (DSAA), pages 1–7. IEEE, 2015.

https://www.ecb.europa.eu/pub/pdf/scpops/ecb.op293~652cf2b1aa.en.pdf?985167870ac2551e31097f06382d01d9
https://www.ecb.europa.eu/pub/pdf/scpops/ecb.op293~652cf2b1aa.en.pdf?985167870ac2551e31097f06382d01d9
https://doi.org/10.1146/annurev-financial-101620-063859
https://doi.org/10.1146/annurev-financial-101620-063859
https://onlinelibrary.wiley.com/doi/abs/10.1111/jmcb.12598
https://onlinelibrary.wiley.com/doi/abs/10.1111/jmcb.12598
https://doi.org/10.1007/s11403-023-00377-w
https://doi.org/10.1007/s11403-023-00377-w
https://onlinelibrary.wiley.com/doi/abs/10.1111/j.1538-4616.2010.00351.x
https://onlinelibrary.wiley.com/doi/abs/10.1111/j.1538-4616.2010.00351.x


Bibliography 218

David Andolfatto. Assessing the Impact of Central Bank Digital Currency on Private

Banks. The Economic Journal, 131(634):525–540, 09 2020. ISSN 0013-0133. doi:

10.1093/ej/ueaa073. URL https://doi.org/10.1093/ej/ueaa073.

Claudio Angione, Eric Silverman, and Elisabeth Yaneske. Using machine learning as a

surrogate model for agent-based simulations. Plos one, 17(2):e0263150, 2022.

Jasmina Arifovic, John Duffy, and Janet Hua Jiang. Adoption of a new payment

method: Experimental evidence. European Economic Review, 154:104410, 2023.

ISSN 0014-2921. doi: https://doi.org/10.1016/j.euroecorev.2023.104410. URL https:

//www.sciencedirect.com/science/article/pii/S0014292123000399.

Tiziana Assenza, Domenico Delli Gatti, and Jakob Grazzini. Emergent dynamics of

a macroeconomic agent based model with capital and credit. Journal of Economic

Dynamics and Control, 50:5–28, 2015. ISSN 0165-1889. doi: https://doi.org/10.1016/

j.jedc.2014.07.001. URL https://www.sciencedirect.com/science/article/pii/

S0165188914001572. Crises and Complexity.

Peter Auer, Nicolo Cesa-Bianchi, and Paul Fischer. Finite-time analysis of the multiarmed

bandit problem. Machine learning, 47(2):235–256, 2002a.
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