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economies. A subset of �rms operates under increasing returns to scale, which
endogenously leads them to become larger, capture greater market shares, and
exert more goods-market power than peers. The framework can simultane-
ously account for observed employment shares and markups of top �rms. We
characterize how heterogeneity in productivity and scalability a¤ects aggre-
gate outcomes and the propagation of shocks. We show that for empirically
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nomic aggregates.
Keywords: Scalable technologies, Business cycles, Indeterminacy, Firm

heterogeneity.
JEL codes: E32, E71.

�Corresponding author. Tasmanian School of Business and Economics, University of Tasmania
and CAMA, Hobart TAS 7001, Australia, oscar.pavlov@utas.edu.au.

yA substantial part of this research was untertaken while Weder visited the Universitat Jaume
I. Thanks heaps for the hospitality and for providing an excellent research environment.

1



1 Introduction

Micro-level data reveal substantial dispersion in �rm outcomes. Even within nar-

rowly de�ned industries, �rms di¤er markedly in output and employment. A well-

established empirical regularity is that larger �rms tend, on average, to exhibit

higher measured productivity. Following the contributions of Lucas (1978) and

Hopenhayn (1992), this relationship has commonly been interpreted as re�ecting

di¤erences in total factor productivity (TFP). While TFP is observed to increase

with �rm size, this association appears to weaken among the largest �rms, yet re-

turns to scale keep rising systematically with size, indicating that larger �rms are

characterized by greater scalability (Hubmer et al., 2025). What is more, they �nd

that scalability rises sharply at the very top end of �rms. This pattern is echoed

by Ma et al. (2025) who highlight the adoption of scalable technologies as key for

understanding the rise of the largest American companies. Motivated by these obser-

vations, this paper proposes a framework in which in returns to scale at the �rm level

give rise to dispersion in size and in market power. In particular, we build an econ-

omy in which only a subset of �rms operates technologies with increasing returns

to scale. These �rms coexist with less scalable counterparts and, in equilibrium,

attain greater relative size in terms of output and market share, while exercising

higher power in goods markets. We study how such heterogeneity shapes macroeco-

nomic dynamics. In particular, we show that plausible con�gurations of scalability

lead to �rm dispersions that give rise to equilibrium indeterminacy, thereby opening

the door to endogenous business cycles driven by self-ful�lling beliefs. Within this

framework, we assess the quantitative contribution of animal spirits for aggregate

�uctuations.

Firm size and employment are highly concentrated. Among the more than �ve

million operating �rms in the United States, the vast majority are of very small

scale, typically employing between one and four workers. At the same time, the

economy contains more than ten thousand �rms with employment exceeding one

thousand workers, and these �rms account for a disproportionate share of aggregate

employment: for example, the employment share of the top one percent of �rms

ranked by employment hovers around 60 percent (Ma et al., 2026). A similar pattern

emerges in the distribution of sales. A relatively small set of �rms accounts for the

bulk of aggregate market activity: the top one percent of �rms ranked by sales

generate over 70 percent of total sales. Taken together, these patterns suggest

that the largest �rms derive their scale primarily through productivity rather than

through a disproportionately large expansion in employment.

Empirical evidence on price�cost markups has long informed macroeconomic
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modeling. More recently, De Loecker et al. (2020) document a substantial increase

in average markups among U.S. publicly traded �rms, rising from approximately

1:2 in 1980 to about 1:6 in 2016, with broadly similar patterns across sectors. The

markup speci�cs regarding magnitudes and trends remain debated (Edmond et al.,

2023). Benkard et al. (2026) revisit De Loecker et al. (2020) and highlight the

role of sample selection, showing that markup increases are more modest in the full

sample and that the median markup may even have declined slightly. Nevertheless,

they document a pronounced increase in markup dispersion, driven primarily by

�rms in the upper tail. Markups for top-percentile �rms exceed 1:5, consistent with

De Loecker and Eeckhout (2026). This concentration mirrors the �winner-takes-

most�pattern emphasized by Autor et al. (2020), whereby a very small subset of

�rms captures a disproportionate share of output and pro�ts. Taken together, the

evidence suggests that aggregate markup trends are largely shaped by large �rms

with high markups. Understanding the origins and relation of size and markup

dispersions appears therefore central.

Hubmer et al. (2025) suggest substantial returns to scale heterogeneity and that

such di¤erences in scalability constitute an economically signi�cant dimension of �rm

size. They �nd that returns to scale rise systematically with size, in fact, scalability

rises sharply for the very top �rms. It is this empirical regularity that provides

the principal motivation for our modelling strategy. We propose a tractable general

equilibrium economy in which heterogeneity in scalability gives rise to di¤erences in

�rm size and to time-varying market power at the hand of a Kimball (1995) demand

system. Concretely, only a subset of �rms has access to scalable technologies and, as

a consequence, commands large market shares. A realistically calibrated version of

the model accounts for the empirically observed heterogeneities in employment and

market power. The model further implies that the cyclical behavior of markups is

heterogeneous across �rms: for large �rms, markups are procyclical, re�ecting both

their increasing market shares during expansions and the curvature of demand.

Smaller �rms set countercyclical markups. These implications align with �rm-level

evidence (Burstein et al., 2025, Callebaut and Peersman, 2026).

Our macroeconomic framework admits endogenous �uctuations arising from self-

ful�lling expectations. This mechanism is related to the discussion on equilibrium

indeterminacy typi�ed by Farmer and Guo (1994) and Galí (1994), in which in-

creasing returns and countercyclical markups generate sunspot equilibria. In con-

trast to these contributions, the present framework incorporates heterogeneous �rms

and demonstrates that indeterminacy may arise even when increasing returns are

con�ned to a very small subset of �rms� namely, those that are highly scalable.
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Furthermore, reallocations of resources between small to large �rms reduces the de-

gree of increasing returns required for indeterminacy, suggesting a novel mechanism

for multiplicity and also a potentially destabilizing e¤ect of heterogeneity. As a

consequence heterogeneous economies may be more susceptible to such endogenous

�uctuations than their counterparts with less �rm dispersion. Lastly, indeterminacy

arises despite the presence of procyclical markups even in the aggregate. In this

respect, the model avoids potential con�icts with empirical evidence on aggregate

markup cyclicality that remains at best inconclusive (Nekarda and Ramey, 2021).

Finally, we quantify the role of animal spirits using a full-information Bayesian

estimation of the model.1 In line with the �ndings of medium-scale dynamic sto-

chastic general equilibrium models, such as Justiniano et al. (2011), technology

and investment shocks continue to account for a signi�cant portion of U.S. busi-

ness cycles. However, the disturbances that generate most output �uctuations are

demand shocks, reminiscent of Galí and Rabanal (2005). Lastly, we �nd that non-

fundamental shocks� capturing shifts in beliefs� make a non-negligible contribu-

tion, particularly with respect to investment.

The remainder of the paper is organized as follows. Section 2 sets out the basic

model and its principal mechanisms. Section 3 establishes the conditions under

which local indeterminacy arises. Section 4 extends the framework to allow for

variable factor utilization. Section 5 presents the quantitative results and Section 6

concludes.

2 Economy

The economy is populated by a unit mass of �rms with each producing di¤erenti-

ated intermediate goods using capital and labor. Firms di¤er in their production

technologies, with heterogeneity in scalability� captured by di¤erences in internal

returns to scale� serving as a central source of dispersion, in line with the evidence

in Hubmer et al. (2025). A perfectly competitive �nal-goods sector aggregates in-

termediate inputs into a homogeneous good used for consumption and investment.

Households supply labor and capital services on competitive factor markets. Time

evolves in discrete steps.2

1Lubik and Schorfheide (2004), Pintus et al. (2022), Hirose et al. (2023), among others, estimate
models with indeterminacy using a similar approach.

2The Appendix details the economy�s elements and its solution.
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2.1 Technology and market structure

Final output Yt is produced by a representative, perfectly competitive �rm that

aggregates a continuum of di¤erentiated intermediate inputs yi;t indexed by i 2 [0; 1].
The aggregation technology is given byZ 1

0

G

�
yi;t
Yt

�
di = 1 (1)

in which the functional form of G (:) follows the speci�cation in Kimball (1995), as

implemented by Kurozumi and Van Zandweghe (2022):

G

�
yi;t
Yt

�
=




(1 + �)(
 � 1)

�
(1 + �)

yi;t
Yt
� �

� 
�1



+ 1� 


(1 + �)(
 � 1) (2)

with 
 � �(1 + �), � � 0 and � > 1 denoting the elasticity of substitution. The

constant elasticity of substitution (CES) case obtains in the limit � = 0, in which

the aggregator reduces to

Yt =

�Z 1

0

y
��1
�

i;t di

� �
��1

:

The �nal-good �rm solves a static cost-minimization problem subject to the aggre-

gation constraint. The associated �rst-order conditions imply the demand

yi;t
Yt
=

�
pi;t
Pt

��

v
t + �

1 + �
(3)

in which pi;t is �rm i�s price, Pt stands for the aggregate price index

Ptvt =

�Z 1

0

p1�
i;t di

� 1
1�


(4)

and vt represents the multiplier on the �nal good �rm�s constraint to (1)

vt = 1 + �� �

Z 1

0

pi;t
Pt
di: (5)

The intermediate goods are provided by a measure one of �rms that employ both

capital ki;t and labor hi;t as inputs. Factor services are bought on competitive

markets at prices rt and wt. A fraction m of �rms (�large��rms or m-�rms, indexed

by i 2 (n; 1]), operates a production function

yi;t = z
�
k�i;th

1��
i;t

�! � �m 0 < � < 1, ! > 0 (6)

in which z > 0 is relative TFP and �m > 0 stands for �rm-level �xed costs that help

to pin down steady state pro�ts. The remaining �rms (�ordinary��rms or n-�rms,

indexed by i 2 [0; n]) produce according to

yi;t =
�
kai;th

1�a
i;t

�� � �n 0 < a < 1, � > 0: (7)
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Firm-level �xed cost �n > 0 are calibrated such that these �rms emerge with zero

pro�t in the steady state.

The asymmetry in technologies aims to captures a key empirical regularity.

Namely, as suggested by Hubmer et al. (2025), while big �rms are often more

productive simply because they operate with higher TFP, they are also more scal-

able especially at the top of the distribution. We would calibrate these two features

at the hands of z > 1 and ! > �. In most of our analysis we will set � = 1

and, as such, ! > 1 can also describe relative scalability. The number of �rms

remains �xed to concentrate on e¤ects that are unrelated to possible endogenous

productivity changes arising from �rm entry and exit. Intermediate good producers

maximize pro�ts subject to their respective demands and production technologies

(6) and (7). The pro�t-maximizing condition for each �rm is the familiar equality

between marginal revenue and marginal costs MCi;t, and the markup �i;t takes on

the form

�i;t =
pi;t
MCi;t

=


�
yi;t
Yt
� �

1+�

�
(
 � 1)yi;t

Yt
� 
 �

1+�

: (8)

When � < 0, markups move with with relative demands, while � = 0 brings about

constant markups �i;t = � = �=(� � 1).
We focus on symmetric equilibria within each �rm type, thus, (ym;t; pm;t) and

(yn;t; pn;t) denote allocations for large and ordinary �rms. For large �rms, marginal

cost is given by

MCm;t =
1

!
���(1� �)�(1��)w1��t r�t (ym;t + �m)

1
!
�1 z

�1
!

which is decreasing in output whenever ! > 1. Di¤erences in returns to scale, ! and

�, capital intensities, � and a, and relative total factor productivity z cause asym-

metries in prices and quantities. In addition, the Kimball demand system brings

to pass asymmetries in markup levels as well as in markup elasticities that would

not occur had we assumed the more standard CES aggregator. As m-�rms�outputs

expand, two opposing e¤ects on relative prices come into play. First, marginal costs

fall that allow m-�rms to charge lower prices, which creates even more demand for

their commodities. On the other hand, as large �rms�market shares rise at the ex-

pense of small �rms, their markups �m;t increase, putting upward pressure on their

prices again. In all cases that we consider, the markup-e¤ect is dominated. You can

also see this from m��rms�demands, which can be written as

ym;t
Yt

=

�
m+ n

�
pn;t
pm;t

�1�
� 

1�


+ �

1 + �

where big �rms�relative size ym;t=Yt follows the price ratio pn;t=pm;t.
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2.2 Households

Households are characterized by a representative agent who chooses sequences of

consumption Ct and hours worked Ht to maximize discounted lifetime utility

1X
t=0

�t
�
lnCt �

�

1 + �
H1+�
t

�
0 < � < 1; � > 0; � � 0

in which � is the discount rate, � denotes the disutility of working and � relates to

people�s labour supply elasticity. The agent owns all �rms and receives their pro�ts

�t. The period-budget is constrained by

wtHt + rtKt +�t � It + Ct

in which It is investment that adds to the aggregate capital stock Kt

Kt+1 = (1� �)Kt + It 0 < � < 1:

The �rst-order conditions from the agent�s maximization problem comprise of the

labor supply

�H�
t Ct = wt;

the Euler equation
Ct+1
Ct

= � (rt+1 + 1� �)

along with the usual transversality condition.

3 Steady state and dynamics

To visualize the e¤ect of scalable technology on �rm dispersion in general equilib-

rium, we propose the following numerical steady state exercise. We �x the number

of large �rms at ten percent and vary both z and !. We keep � at one, assume the

CES-bundler subclass to abstract from the e¤ects that arise from markup variations

and set � = 5. Other parameters will be discussed further below. Figure 1 projects

m��rm isoquants for z � !�combinations that yield market shares of these �rms
from 70 to 90 percent. You can see that higher market shares arise by means of

higher z, larger ! or both. Going south to north in the �gure illustrates that higher

market share require overproportional increases in z. For example, if there were no

scale e¤ects of large �rms, ! = 1, going from 70 percent to 80 and to 90 percent

market shares would require for z to increase by 14 percent and then another 23

percent. Keeping z �xed on the other hand, say at one, the required increases from

! would be 2:7 and then 3:4 percent. Thus, relatively modest changes in return
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Figure 1: Isosales line in z � !-space.

to scales generate considerable size dispersions. We believe this aspect of relative

importance of scalable technology is consistent with Hubmer et al. (2025) and as

such it suggests support for our modelling of heterogeneity. As will be shown below,

reasonable values for ! are compatible with realistic markup and �rm dispersions,

in particular for explaining the very top �rms.

But �rst, we analyze the economy�s local dynamics. The equilibrium conditions

are log-linearized around the steady state and the dynamical system boils down to" bKt+1bCt+1
#
= J

" bKtbCt
#
:

Hatted variables denote percentage deviations from their steady state values and J is

the 2�2 Jacobian matrix of partial derivatives. Consumption is a non-predetermined
variable and capital is predetermined, thus, a unique equilibrium requires one eigen-

value of J inside and one outside the unit circle. Equilibrium indeterminacy, and the

potential presence of animal spirits, demands both roots of J within the unit circle.

The current model structure does not lend itself well for studying the economy�s

existence and its dynamics algebraically, except perhaps for special cases. Thus,

most of the study will be done numerically.

We solve for the steady state and local dynamics of the economy through a

sequential calibration strategy. Given the two steady state markups, �m and �n,

and the two Kimball parameters, � and �, the model jointly determines the mass of
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Figure 2: Indeterminacy in � � !-space. Dark area denotes indeterminacy.

large �rms m as well as their market share in aggregate output mpmym
Y

. The Kimball

bundler�s � must satisfy

�m
�m � 1

= �min < � < �max =
�n

�n � 1

to ensure an interior �rm distribution. To facilitate comparison with the indetermi-

nacy literature, particularly Farmer and Guo (1994), we set a = � = 0:3, � = 0:99

and � = 0:025. Re�ecting on Edmond et al. (2023) and Benkard et al. (2026), we �x

markups of the top �rms at �m = 1:5 and those of the ordinary �rms at �n = 1:05.

The market share of large �rms is �xed at 70 percent (Ma et al., 2026). Then, the

market-share-weighted average markup of the economy stands at 1:38 which is in

between suggested values in De Loecker et al. (2020) and Edmond et al. (2023).

Finally we set the �xed costs of n-�rms such that their steady state pro�ts are zero

and ! > � = 1 recreates the asymmetry in Hubmer et al. (2025). Lastly, after

having calibrated markups and market shares, the choice of a feasible value of �

locks in a unique value of �.

Figure 2 plots the e¤ect of increasing returns of large �rms ! on the dynamics of

the economy. The two white regions involving � =2
�
�min; �max

�
imply non-existence:

for example if � > �max the number ofm-�rms becomes strictly negative,m is zero at

�max and m equals one at �min. Conditional on existence, lighter regions denote de-

terminate equilibria and darker regions denote indeterminacy. As you can see from

the �gure, indeterminacy requires ! > !min = 1:32. While the mechanism for inde-
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Figure 3: Indeterminacy in � � �-space.

terminacy is related to Farmer and Guo (1994), this minimum degree is signi�cantly

lower than their minimum returns to scale of 1:5 (corresponding to the limiting

case m = 1 in the present model). At �rst glance, the �nding appears di¢ cult to

reconcile with Herrendorf et al. (2000), who argue that heterogeneity eliminates

indeterminacy. Our interpretation is instead that compositional e¤ects amplify the

conventional increasing-returns mechanism. In response to an expansionary im-

pulse, resources are reallocated toward large �rms, thereby endogenously increasing

the economy�s e¤ective scale economies. As a consequence, the wage-hours locus

becomes upwardly sloping at lower values of ! than in the representative-�rm en-

vironment of Farmer and Guo (1994). The mechanism can be further appreciated

when looking at the e¤ects of the two Kimball parameters next.

The in�uence of � and � on indeterminacy is zoned in Figure 3. The calibration

is as above but ! is now �xed at 1:5, which is its maximum possible value to ensure

non-negative pro�ts. The darker area indicates indeterminate equilibria and these

arise for low values of � and �. The �gure also reports two loci corresponding to

parameter combinations that imply m = 0:01 and a 60 percent employment share

for large �rms, consistent with the evidence in Ma et al. (2026).

The indeterminacy pattern can be understood as follows. For parameter constel-

lations along the horizontal axis, i.e., at the lower bound just above �min, the market

share of m-�rms approaches 100 percent. That is, as � ! �m
�m�1

= �min. The oppo-
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site situation arises at the upper bound of feasible �. There, as � ! �n
�n�1

= �max

and because of the inconsequential market share of m-�rms, the economy e¤ectively

operates under constant returns to scale. Phrased alternatively, at both �min and

�max, �rm heterogeneity disappears and as such any repercussion of heterogeneity

dissipates. Consequently, the Kimball parameter � has no notable e¤ect on the

markup and model dynamics. For example, at the bottom range close to �min, the

total economy e¤ectively operates under increasing returns: it is indeterminate and

morphs into the Farmer-Guo setup. The � parameter therefore becomes asymptoti-

cally irrelevant in this region.

A more reasonable parametric position is denoted by the mostly-horizontal iso-

quant that keeps m-�rms�employment share at 60 percent. Here, as � < 0, markups

correlate with large �rms� economic activity: �m;t and the employment-weighted

average markup

�t =
mhm;t
Ht

�m;t +
nhn;t
Ht

�n;t

are procyclical. On its own that counters indeterminacy. This mechanism is visible

when moving leftward along the isoquant: the economy transitions from indetermi-

nacy to determinacy as the stabilizing in�uence of procyclical markups on aggregate

dynamics becomes progressively stronger. The isoquant sheds further light on the

steady state properties of the economy: it is relatively �at which indicates that it is

� that primarily determines the employment and market shares. Bringing � closer

to zero lowers the number of big �rms and increases their individual sales. At the

boundary, as the isoquant approaches the non-feasibility zone, m-�rms become very

large but, at the same time, m ! 0. At this value of � the markups of big �rms,

while not completely constant, are at their minimum elasticity.

Indeterminacy therefore emerges from the interaction between endogenous pro-

ductivity e¤ects and compositional reallocation induced by �rm heterogeneity in

technology, markups, and pricing behavior. To illustrate the mechanism, consider

an economy initially in steady state that is hit by an extrinsic increase in optimism

regarding future economic conditions. The resulting expansion reallocates resources

toward more productive �rms, namely the large �rms in the present framework. This

reallocation lowers the relative prices charged by large �rms because their marginal

costs decline as production expands, thereby validating the movement of inputs to-

ward these �rms. Consequently, an expansionary episode endogenously generates

increasing returns beyond the mechanism emphasized in Farmer and Guo (1994).

As market shares adjust, the two markups move in opposite directions. Consis-

tent with Burstein et al. (2025) and Callebaut and Peersman (2026), the markups

of large �rms rise during booms, whereas the markups of ordinary �rms are counter-

11



cyclical. Importantly, the model does not rely on aggregate countercyclical markups,

in contrast to the mechanism in Galí (1994). Indeed, indeterminacy in the present

environment is fully consistent with the evidence in Nekarda and Ramey (2020),

since aggregate markups are procyclical overall. The dampening e¤ects associated

with rising average markups are dominated by the reallocation of resources from

small to large �rms, which ampli�es aggregate productivity and sustains self-ful�lling

�uctuations.

4 Variable capital utilization

With the aim of reducing requirements on scale economies and markups, we ex-

tend the model allowing for variable capital utilization, following Greenwood et al.

(1988). Capital services are de�ned as the product of the capital stock and an

endogenous utilization rate. Higher utilization raises e¤ective capital input but in-

creases depreciation. The household chooses utilization optimally, trading o¤higher

current returns against future capital loss.

Capital services that are used to produce intermediate goods are denoted by

�i;t � Utki;t in which Ut is the utilization rate that determines the intensity of

operation for a given stock. Thus, m-�rms produce with technology

yi;t = z
�
��i;th

1��
i;t

�! � �m

and similar adjustments are made for ordinary �rms. The intensity of capital use

a¤ects capital�s depreciation as

�t =
1

#
U#
t # > 1

and the rate of utilization is determined by the representative agent, for whom the

intertemporal budget constraint is now

Kt+1 = (1� �t)Kt + wtHt + rtUtKt +�t � Ct:

The utility maximization problem delivers the Euler equation

Ct+1
Ct

= � (rt+1Ut+1 + 1� �t+1)

and the optimal rate of capital utilization

rt = U#�1
t

in which # = (1=� � 1 + �) =� comes from the the steady state conditions.

12



Figure 4: Indeterminacy in � � �-space (variable capital utilization)

We retain the calibration of the previous section but now lower the steady state

markup of large �rms to �m = 1:2 and reduce their scalability parameter to ! =

1:15. The latter value is consistent with the estimated gap in returns to scale

between top and bottom �rms reported by Hubmer et al. (2025). Quantitatively,

this degree of scalability is well aligned with their evidence for �rms in the top

one percent of the size distribution, �rms operating large establishment networks,

high markup �rms and also if incorporating tangible capital.3 These characteristics

closely correspond to the class of dominant �rms to which we calibrate the model

economy. Figure 4 shows that the qualitative role of the Kimball parameters remains

similar to the benchmark case with constant capital utilization. However, the degree

of increasing returns and the level of markups required to generate indeterminacy are

now substantially lower and comfortably within or even below empirically plausible

ranges.4

3See Figures A.8 and A.9 in Hubmer et al. (2025).
4In fact, if we further reduce small �rms�markups to �n = 1:01, essentially towards perfect

competition and therefore increasing the markup gap between the two markups, !min is close to
1:07 which is signi�cantly lower than Wen (1998).
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5 Estimation

Thus far, we have established that scalability among large �rms, and their interaction

with smaller producers, may generate macroeconomic instability. This environment

admits a role for non-fundamental �uctuations� so-called animal spirits� in driving

business cycle dynamics. We now assess their quantitative relevance in conjunction

with a range of fundamental disturbances. To this end, the baseline framework is

extended to incorporate exogenous growth, aggregate supply and demand shocks,

and external habit formation in consumption.

5.1 Shocks

We augment the baseline environment with a set of aggregate disturbances to both

supply and demand. On the supply side, we introduce technological progress At

lnAt = lnAt�1 + ln �t

in which the component �t evolves according

ln �t = (1�  A) ln � +  A ln �t�1 + "At

where 0 �  A < 1 and "
A
t is an i.i.d. innovation with variance �

2
A. The other fun-

damental shocks follow similar AR(1) processes. Thus, m-�rm technology becomes

ym;t = zAt
�
��i;th

1��
i;t

�! � �m;t

and n-�rm technology is

yn;t = A�t
�
�ai;th

1�a
i;t

�� � �n;t:

Here � = 1=(1 � !�) to allow for a balanced growth path under di¤erent returns

to scale technologies. Growing variables are detrended by A�t , for example, �xed

costs grow with technological progress, and the detrended version is ~�m � �m;t=A
�
t .

Investment-speci�c technological change comes about by marginal e¢ ciency of in-

vestment �t shocks which enter through capital accumulation

Kt+1 = (1� �t)Kt + �tIt:

Justiniano et al. (2011) interpret such disturbances as �uctuations in �nancial con-

ditions. On the demand side, we add a preference shock �t that shifts the marginal

utility of consumption as in Christiano (1988). Household period-preferences are

then given by

�t ln(Ct � bCt�1)�
�

1 + �
H1+�
t
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in which 0 � b < 1 captures external habit formation. Beyond its literal interpreta-

tion as a taste shifter, �t can be viewed more broadly as capturing movements in

the labor wedge. Another demand disturbance arises from government expenditure

shocks �nanced through lump-sum taxation. Government spending evolves around

a stochastic trend de�ned by

AG;t = A
 AG
G;t�1A

1� AG
t�1

in which  AG governs the smoothness of the trend relative to the trend in output.

Detrended government spending is then ~Gt � Gt=A
�
G;t. In addition to these funda-

mental disturbances, we introduce a non-fundamental �animal spirits�shock. This

shock is modeled as an expectational error in output that is orthogonal to funda-

mentals. Under indeterminacy, equilibrium outcomes are not uniquely pinned down

by fundamentals alone. We therefore represent output dynamics as

bYt = Et�1bYt + 
A"At + 
�"�t + 
�"�t + 
G"Gt + "St

in which the coe¢ cients 
i capture the transmission of fundamental shocks, and "St is

an i.i.d. disturbance with variance �2S. This formulation captures �uctuations driven

by extrinsic shifts in expectations that are unrelated to any underlying economic

fundamentals.5

5.2 Bayesian estimation

We estimate the model using full-information Bayesian methods applied to U.S.

quarterly data covering 1990:I to 2025:IV, as this period aligns with the documented

rise in market power. However, we omit the 2020:II-III quarters as our small-scale

and linear model is not suitable to deal with the COVID-19 lockdowns. The ob-

servable variables consist of real per capita growth rates of output, consumption,

investment, and government spending, together with the logarithm of per capita

hours worked and a measure of credit spreads.

To identify investment-speci�c shocks, we follow the empirical strategy of relating

the marginal e¢ ciency of investment to observed credit spreads. Speci�cally, we use

the spread between BAA corporate bond yields and long-term Treasury yields and

impose the measurement equation

spreadt = {b�t { < 0:

5Our results are not sensitive to the choice of expectation error and remain robust with Bianchi
and Nicolò�s (2021) approach of solving and estimating linear rational expectations models under
indeterminacy.
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so that improvements in investment e¢ ciency correspond to tighter spreads. The

measurement system links observed growth rates to their model counterparts as

26666664
100 ln(Yt=Yt�1)
100 ln(Ct=Ct�1)
100 ln(It=It�1)
100 ln(Gt=Gt�1)
100 (lnHt=H)

spreadt

37777775 =
2666666664

bYt � bYt�1 + �b�tbCt � bCt�1 + �b�tbIt � bIt�1 + �b�tbGt � bGt�1 + �
�
ĝt � ĝt�1 + b�t�bHt

{b�t

3777777775
+

26666664

��

��

��

��
0
0

37777775+
26666664
"m:e:t

0
0
0
0
0

37777775
in which � = 100(� � 1), �� = 0:36 is equal to the quarterly growth rate of real

GDP in the data, gt = AG;t=At = gt�1
 AG=�t, "

m:e:
t is a measurement error restricted

to account for not more than ten percent of output growth and H stands for the

average hours worked over the sample period.

We consider an economy subject to six exogenous disturbances: four of a fun-

damental nature, together with a non-fundamental (sunspot) disturbance and a

measurement error. This matches the number of observables and, consequently,

avoids excess shocks that would limit the economic interpretation of the estimated

shocks (Pagan and Robinson, 2022).

Several parameters are calibrated prior to estimation to target post-1990 reg-

ularities, including the government expenditure share at 19 percent. We capture

heterogeneity as follows. Following Ma et al. (2026) we assume that the top one

percent of �rms, m = 0:01, account for 60 percent of aggregate employment. We

assign a markup of 1:5 to the top �rms and 1:1 for the rest of �rms (De Loecker

and Eeckhout, 2026). Then, the employment-weighted average markup equals 1:34.

Thus, despite its simple two-�rm structure, the model aligns with Edmond et al.

(2023). Together, this calibration implies Kimball parameters at � = 5:06 and

� = �0:41, as well as a superelasticity ��� of 2:06, which pairs well with Beck and
Lein (2020). The labor (capital) share is 63 (27) percent and the steady state pro�t

share is 10 percent, a value that sits within the range suggested by Barkai (2020)

and Hasenzagl and Pérez (2026). The market share of the top �rms at 64 percent

is at the lower end of Ma et al. (2025). Yet, given the simple model of dispersions,

it illustrates well how large �rms are quantitatively important not merely because

they employ a disproportionate quantity of labor, but also because they operate at

a larger scale conditional on inputs.

Table 1 reports the posterior estimates. Of prime interest to us, the parameter

! underpins the key ampli�cation mechanism in the model operating through en-

dogenous increasing returns to scale, and it plays a central role in making way for

endogenous �uctuations. This scalability degree is estimated with a posterior mean
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Table 1: Prior and posterior distributions
Prior Posterior

Name Range Density Mean Std. Dev. Mean 90% Interval
! R+ Normal 1.15 0.03 1.24 [1.23 1.26]
b [0,1) Beta 0.5 0.1 0.50 [0.42,0.58]
 A [0,1) Beta 0.5 0.2 0.00 [0.00,0.01]
 � [0,1) Beta 0.5 0.2 0.83 [0.77,0.89]
 � [0,1) Beta 0.5 0.2 0.94 [0.91,0.96]
 G [0,1) Beta 0.5 0.2 0.99 [0.99,0.99]
 AG [0,1) Beta 0.5 0.2 0.99 [0.99,0.99]
�S R+ Inverse Gamma 0.1 Inf 0.28 [0.25,0.32]
�A R+ Inverse Gamma 0.1 Inf 0.55 [0.50,0.61]
�� R+ Inverse Gamma 0.1 Inf 0.07 [0.04,0.10]
�� R+ Inverse Gamma 0.1 Inf 1.05 [0.89,1.22]
�G R+ Inverse Gamma 0.1 Inf 0.82 [0.74,0.90]
�m:e: [0; 0:19] Uniform 0.1 0.05 0.19 [0.19,0.19]

A [-3,3] Uniform 0 1.73 -1.12 [-1.27,-0.98]

� [-3,3] Uniform 0 1.73 1.92 [1.15,2.92]

� [-3,3] Uniform 0 1.73 0.40 [0.30,0.50]

G [-3,3] Uniform 0 1.73 0.20 [0.14,0.26]
{ [-20,0] Uniform -10 5.77 -4.66 [-6.59,-2.71]

The table presents the prior and posterior distributions for model parameters and shocks
under indeterminacy. Standard deviations are in percent terms.

of 1:24.6 This value implies a returns to scale higher than the baseline in Hubmer et

al. (2025). Yet, such value is in line for the kind of �rms we consider here. Hubmer

et al. (2025) �nd values around 1:20 for �rms with characteristics typical of the very

largest �rms.

Table 2 compares second moments in the data with those implied by the model

evaluated at the posterior mean. Despite its parsimonious structure, the model

provides a reasonable account of U.S. business cycle dynamics. It overstates the

volatility of investment, while understating �uctuations in hours worked. Corre-

lations with output are well replicated. In addition, the model generates realistic

autocorrelation patterns, owing to its internal propagation mechanism, without re-

lying on the range of frictions typically introduced in medium-scale models.

Table 3 presents the forecast error variance decomposition. Supply-side disturbances�

technology and investment shocks� together account for around a third of aggregate

�uctuations. While investment shocks explain a large share of investment dynamics,

their overall importance is smaller than in some earlier studies such as Justiniano

6Our model features only two productivity levels, yet, it still produces signi�cant productivity
dispersion. Cunningham et al. (2023) present micro evidence on dispersion in establishment-level
productivity with a standard deviation of the log total factor productivity of establishments across
detailed US manufacturing industries is 0.46. This standard deviation is 0.57 in our model (sales
weighted).
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Table 2: Business cycle dynamics
Data Model

x �x �(x; ln(Yt=Yt�1)) ACF �x �(x; ln(Yt=Yt�1)) ACF
ln(Yt=Yt�1) 0.62 1 0.26 0.83 1 0.44
ln(Ct=Ct�1) 0.55 0.72 0.41 0.74 0.64 0.48
ln(It=It�1) 1.61 0.66 0.59 2.99 0.78 0.61
ln(Gt=Gt�1) 0.79 0.24 0.22 0.83 0.20 0.00
ln(Ht=H) 5.89 0.13 0.99 4.81 0.10 0.99
spreadt 0.57 -0.53 0.86 0.57 -0.23 0.83

Business cycle statistics for the arti�cial economy are calculated at the posterior mean. �x
denotes the standard deviation of variable x, �(x; ln(Yt=Yt�1)) is the correlation of variable
x and output growth, and ACF is the �rst order autocorrelation coe¢ cient.

Table 3: Unconditional variance decomposition (in percent)

ln
�

Yt
Yt�1

�
ln
�

Ct
Ct�1

�
ln
�

It
It�1

�
ln
�

Gt

Gt�1

�
ln
�
Ht

H

�
spreadt

"St 13.00 0.15 23.46 0.00 2.52 0.00
"At 17.97 27.21 14.89 0.38 15.67 0.00
"�t 14.41 0.62 23.92 0.00 15.45 100
"�t 44.50 71.92 36.15 0.00 56.19 0.00
"Gt 4.95 0.09 1.58 99.62 10.17 0.00
"m:e:t 5.17 0.00 0.00 0.00 0.00 0.00

Variance decompositions are performed at the posterior mean.

et al. (2011). On the demand side, preference shocks dominate and account for the

bulk of variation in aggregate output, echoing Galí and Rabanal (2005). Animal

spirits disturbances make a further non-trivial contribution, explaining a modest

share of output �uctuations and about a quarter of investment variability.

Since the shocks are identi�ed within the model, it is useful to assess whether

they correspond to observable empirical counterparts. As neither total factor pro-

ductivity nor sentiment data are used in estimation, we conduct an external valida-

tion exercise. For technology, we compare the estimated series to Fernald�s (2014)

measure of utilization-adjusted TFP. After transforming both series into levels and

HP-�ltering them, we �nd a correlation of 0:62, lending support to the interpretation

of the estimated disturbance as a technology shock. Furthermore, the correlation

between output and TFP is �0:24 in the data and �0:47 in the model. We con-
duct a similar exercise for a level index of animal spirits that we construct from

the estimated non-fundamental shocks. While we �nd positive co-movement of this

index with survey-based measures of sentiment, we remain sceptical about the inter-

pretation since such sentiment measures likely combine both intrinsic and extrinsic

elements. Another concept of judging the plausibility of extrinsic expectation shocks

maps their coherence with aggregate output over time and in particular at business
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Figure 5: Burns and Mitchell meet animal spirits.

cycle turning points. For being of relevance and to fall into the extrinsic a¢ liation,

one would expect at minimum that animal spirits are not only procyclical but also

lead aggregate economic activity. We explore this pattern in Figure 5. Adopting a

graphical device originally proposed by Burns and Mitchell (1946), the �gure places

side by side the sequences of output and animal spirits centered around business cy-

cles�upper turning points.7 In particular, we plot the average cycles of logged real

U.S. GDP and the animal spirits index around three NBER business cycle peaks

since 1990. We leave out the COVID-slump for obvious reasons. The GDP series can

be understood as the reference of aggregate economic activity with stage four the

peak quarter which we set equal to 100. Likewise, we normalize animal spirits�peak

quarter to 100 as well. As you can see, animal spirits, by construction orthogonal to

fundamental shocks, lead aggregate economic activity by at least two quarters: on

average, a decline in optimism pre-dates recessions. What is more, while the �gure

plots the average spirits around three peaks, the characteristic pattern is largely

driven by the 1990-91 recession and the Great Recession. Animal spirits remain

essentially �at around 2001. As per the recession of 1990-91, our result parallels

Blanchard�s (1993) interpretation that animal spirits were one of the culprits for

that particular economic slump.

7The business cycle series consists of a sequence of reference cycles, each spanning seven quarters
centered on a business cycle peak. Each observation within a reference cycle is expressed as a
percentage of the cycle mean, referred to as a cycle relative. Cycle relatives are then averaged
across all reference cycles to produce a graphical summary of the average business cycle, shown in
the seven-quarter plots of Figure 5.
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6 Conclusion

This paper has set out a general equilibrium framework in which top �rms are dis-

tinguished by their ability to operate scalable technologies. Such �rms are thereby

able to sustain higher markups and to command a larger share of the market than

their peers. The model gives rise to heterogeneous �rm behavior, as well as to reallo-

cations which bear importantly upon aggregate outcomes. Foremost, the framework

can simultaneously account for observed employment shares and markups of the top

one percent of �rms. The coexistence of large and small �rms expands the set of

parameter values consistent with multiple equilibria, creating scope for endogenous

�uctuations driven by self-ful�lling beliefs. The model has been taken to the data

by means of Bayesian estimations. The results point to the quantitative signi�cance

of the technology dispersion channel as a mechanism of ampli�cation. A number of

external checks suggest that the estimated disturbances� notably those associated

with technology and sentiment� as well as the implied �rm-level dynamics, accord

reasonably well with the available empirical evidence. Overall, the �ndings suggest

that non-fundamental shocks contribute meaningfully, although not dominantly, to

business-cycle �uctuations. Their e¤ects are particularly pronounced for investment

dynamics, where shifts in extrinsic expectations account for a substantial share of

observed variation alongside conventional fundamental forces.
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A Appendix

A.1 Data sources and construction

This Appendix details the source and construction of the U.S. data used in Section

5. All data is quarterly and for the period 1990:I-2025:IV.

1. Gross Domestic Product. Seasonally adjusted at annual rates, billions of

chained (2017) dollars. Source: Bureau of Economic Analysis, NIPA Table 1.1.6.

2. Gross Domestic Product. Seasonally adjusted at annual rates, billions of

dollars. Source: Bureau of Economic Analysis, NIPA Table 1.1.5.

3. Personal Consumption Expenditures, Nondurable Goods. Seasonally adjusted

at annual rates, billions of dollars. Source: Bureau of Economic Analysis, NIPA

Table 1.1.5.

4. Personal Consumption Expenditures, Services. Seasonally adjusted at annual

rates, billions of dollars. Source: Bureau of Economic Analysis, NIPA Table 1.1.5.

5. Personal Consumption Expenditures, Durable Goods. Seasonally adjusted at

annual rates, billions of dollars. Source: Bureau of Economic Analysis, NIPA Table

1.1.5.

6. Gross Private Domestic Investment, Fixed Investment, Residential. Sea-

sonally adjusted at annual rates, billions of dollars. Source: Bureau of Economic

Analysis, NIPA Table 1.1.5.

7. Gross Private Domestic Investment, Fixed Investment, Nonresidential. Sea-

sonally adjusted at annual rates, billions of dollars. Source: Bureau of Economic

Analysis, NIPA Table 1.1.5.

8. Government consumption expenditures and gross investment. Seasonally

adjusted at annual rates, billions of dollars. Source: Bureau of Economic Analysis,

NIPA Table 1.1.5.

9. Nonfarm Business Hours. Seasonally adjusted, index. Source: Bureau of

Labor Statistics, Series Id: PRS85006033.

10. Civilian Noninstitutional Population. 16 years and over, thousands. Source:

Bureau of Labor Statistics, Series Id: LNU00000000Q.

11. GDP De�ator = (2)=(1):

12. Real Per Capita Output, Yt = (1)=(10):

13. Real Per Capita Consumption, Ct = [(3) + (4)]=(11)=(10):

14. Real Per Capita Investment, It = [(5) + (6) + (7)]=(11)=(10):

15. Real Per Capita Government Expenditures, Gt = (8)=(11)=(10):

16. Per Capita Hours Worked, Ht = (9)=(10):

17. Moody�s Seasoned Baa Corporate Bond Yield [DBAA], retrieved from FRED,
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Federal Reserve Bank of St. Louis; https://fred.stlouisfed.org/series/DBAA.

18. Market Yield on U.S. Treasury Securities at 30-Year Constant Maturity,

Quoted on an Investment Basis [DGS30], retrieved from FRED, Federal Reserve

Bank of St. Louis; https://fred.stlouisfed.org/series/DGS30.

19. Credit spread, (17)� (18).
20. Deviation from average credit spread, spreadt = (19)� average of (19):
21. University of Michigan. Consumer Sentiment [UMCSENT], retrieved from

FRED, Federal Reserve Bank of St. Louis; https://fred.stlouisfed.org/series/UMCSENT.

22. Total Factor Productivity. �A Quarterly Utilization-Adjusted Series on Total

Factor Productivity�, retrieved from https://www.johnfernald.net/TFP.

A.2 Model appendix

A.2.1 Markups and marginal costs

Final good producers�cost minimization

min
yi;t=Yt

1�
Z 1

0

pi;tyi;t
PtYt

di

subject to (1). Optimization together with (2) gives

pi;t
Pt
= vt

�
(1 + �)

yi;t
Yt
� �

��1



where vt is the multiplier on the constraint. This rearranges for (3) and substituting

it into (2) and some algebra gives the price index (4). Zero pro�ts imply

1 =

Z 1

0

pi;tyi;t
PtYt

di

Then substituting (3) into the above and more algebra gives us

vt = 1 + ��
Z 1

0

pi;t
Pt
�di

Intermediate good producers maximize pro�ts

�i;t = pi;tyi;t � wthi;t � rtki;t

and for the big �rm this is subject to the production function (6). The �rst-order

conditions are

wt = �i;t!(1� �)zk�!i;t h
(1��)!�1
i;t

rt = �i;t!�zk
�!�1
i;t h

(1��)!
i;t
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yi;t + (pi;t � �i;t)
@yi;t
@pi;t

= 0

where the multiplier �i;t amounts to marginal cost MCi;t. Assuming �rms take Pt
and vt as given yields

@yi;t
@pi;t

= �
p�1i;t
�
yi;t �

�

1 + �
Yt

�
and substituting it into the above �rst-order condition and rearranging gives us the

markup (8). The small �rm�s markup is found the same way and the wage and

rental rates are

wt = �i;t�(1� a)ka�i;th
(1�a)��1
i;t

rt = �i;t�ak
a��1
i;t h

(1�a)�
i;t

Minimizing the cost function

min
hi;t;ki;t

Ci;t = wthi;t + rtki;t

subject to their production technology provides the conditional demands for the big

�rm

hi;t =

�
rt
wt

1� �

�

���
yi;t + �m

z

� 1
!

ki;t =

�
rt
wt

1� �

�

��(1��)�
yi;t + �m

z

� 1
!

:

Inserting these back into the cost function yields

Ci;t = ���(1� �)�(1��)w1��t rat

�
yi;t + �m

z

� 1
!

and marginal costs

MCi;t =
1

!
���(1� �)�(1��)w1��t rat (yi;t + �m)

1
!
�1 z

�1
! :

Similarly, we can �nd marginal costs for the small �rm

MCi;t =
1

�
a�a(1� a)�(1�a)w1�at rat (yi;t + �n)

1
�
�1 :

A.2.2 Symmetric equilibrium

Since both �rms set di¤erent prices, (5) can be written as

vt = 1 + �� �

Z n

0

pi;t
Pt
di� �

Z 1

n

pi;t
Pt
di
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In symmetric equilibrium with Pt = 1 as the numeraire

vt = 1 + �� �npn;t � �mpm;t (A.1)

Demand for �rms�goods
ym;t
Yt

=
p�
m;tv



t + �

1 + �
(A.2)

yn;t
Yt

=
p�
n;tv



t + �

1 + �
(A.3)

Production functions

ym;t = k�!m;th
(1��)!
m;t � �m (A.4)

yn;t = ka�n;th
(1�a)�
n;t � �n (A.5)

Markups

�m;t =


�
ym;t
Yt
� �

1+�

�
(
 � 1)ym;t

Yt
� 
 �

1+�

(A.6)

�n;t =


�
yn;t
Yt
� �

1+�

�
(
 � 1)yn;t

Yt
� 
 �

1+�

(A.7)

The employment weighted average markup is

�t =
mhm;t
Ht

�m;t +
nhn;t
Ht

�n;t (A.8)

Wage and rental rates

wt = !(1� �)
pm;t
�m;t

zk�!m;th
(1��)!�1
m;t = �(1� a)

pn;t
�n;t

ka�n;th
(1�a)��1
n;t (A.9)

rt = !�
pm;t
�m;t

zk�!�1m;t h
(1��)!
m;t = �a

pn;t
�n;t

ka��1n;t h
(1�a)�
n;t (A.10)

From the zero pro�t equation of �nal good �rms we have

PtYt =

Z 1

0

pi;tyi;tdi = npn;tyn;t +mpm;tym;t

and so we get

n
pn;tyn;t
Yt

+m
pm;tym;t
Yt

= 1 (A.11)

Aggregate capital and labour

Kt = mkm;t + nkn;t (A.12)

Ht = mhm;t + nhn;t (A.13)
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A.2.3 Calibration and the steady state

Calibrating steady state markups �m and �n, and the Kimball parameters � and �

allows us to �nd the steady state terms on the �rms�side. First, this pin down yn
Y
and

ym
Y
from the markup equations (A.6) and (A.7). Next, the symmetric equilibrium

version of (1) is

n
�
(1 + �)

yn
Y
� �
� 
�1



+m

�
(1 + �)

ym
Y
� �
� 
�1



= 1

and since m+ n = 1; we obtain m and n. Next, the symmetric equilibrium version

of (4) is

v =
�
np1�
n +mp1�
m

� 1
1�
 (A.14)

and substituting it into (A.2) gives

ym
Y
=

�
m+ n

�
pn
pm

�1�
� 

1�


+ �

1 + �

which pins down the price ratio pn
pm
. Combining (A.14) with (A.1), then rearranging

for pm gives

pm =
1 + ��

m+ n
�
pn
pm

�1�
� 1
1�


+ �m+ �n pn
pm

Since we have pn
pm
, we can then determine pm and pn. Together, this pins down the

market shares npnyn
Y
and mpmym

Y
.

Substituting the cost function into the pro�ts of big �rms we get

�m = pmym � !MCm (ym + �m)

which can be re-written as

m�m
Y

=

�
1� !

�m

�
mpmym
Y

� !

�m

mpm�m
Y

where ! < �m creates positive pure pro�ts. If there were no �xed costs, �m = 0; the

�rst term on the right hand side gives the maximum pro�ts that can be set at the

steady state. Lowering steady state pro�ts from there would then entail �m > 0:

Therefore, the calibration of big �rms�pro�ts in aggregate output must satisfy

0 � m�m
Y

�
�
1� !

�m

�
mpmym
Y

and this pins down �m
Y
. We assume that small �rms have zero pro�ts i.e., �n = 0 ,

and their pro�ts can be simpli�ed to

0 = 1� �

�n

�
1 +

Y

yn

�n
Y

�
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which determines �n
Y
.

Using the intermediate good �rms�production functions and the wage equations

allows us to pin down
hn
hm

=
�(1� a) pn

��

!(1� �) pm
�m

yn+�n
Y

ym+�m
Y

and dividing (A.9) by (A.10) we get

kn
km

=
hn
hm

1� �

�

a

1� a
:

Since we now have hn
hm
and kn

km
, using (A.12) and (A.13) we can determine

km
K

=
1

m+ (1�m) kn
km

kn
K

=
1

mkm
kn
+ 1�m

hm
H

=
1

m+ (1�m) hn
hm

hn
H

=
1

mhm
hn
+ 1�m

Using the rental rates and intermediate good �rms�production functions we get

rkm
Y

= !�
pm
�m

�
ym
Y
+
�m
Y

�
rkn
Y
= �a

pn
�n

�
yn
Y
+
�n
Y

�
Therefore

rK

Y
= m

rkm
Y

+ n
rkn
Y

Similarly, using wages and production functions we obtain

whm
Y

= !(1� �)
pm
�m

�
ym
Y
+
�m
Y

�
whn
Y

= �(1� a)
pn
�n

�
yn
Y
+
�n
Y

�
wH

Y
= m

whm
Y

+ n
whn
Y

To complete the �rms� side, relative total factor productivity z is endogenously

determined by our calibration. Rewriting relative marginal costs MCn=MCm we

obtain

z
�1
! =

�w
r

���a
Y

1
�
� 1
!
!

�

pm
pn

�n
�m

(1� �)1����

(1� a)1�aaa

�
yn
Y
+ �n

Y

� 1
�
�1

�
ym
Y
+ �m

Y

� 1
!
�1
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which shows that z is a complicated function of the model�s parameters and steady

state when � 6= ! or � 6= a.

Finally, from the household side, the steady state capital accumulation equation

determines
I

K
= �

and the Euler equation gives

r =
1

�
� 1 + �:

These then allow us to �nd the investment and consumption shares

I

Y
=

I

rK

rK

Y
=

�
1
�
� 1 + �

rK

Y
= 1� C

Y
:

A.2.4 Linearized equations

The symmetric equilibrium equations listed in Appendix A.2.2 are linearized:

vv̂t = ��npnp̂n;t � �(1� n)pmp̂m;t

bYt = byn;t + 
p�
n v


p�
n v
 + �
bpn;t � 
p�
n v


p�
n v
 + �
bvt

bYt = bym;t + 
p�
m v


p�
m v
 + �
bpm;t � 
p�
m v


p�
m v
 + �
bvt

byn;t = ��nbkn;t + (1� �)�nbhn;t
bym;t = ��m

�
1� �m

pmym

�bkm;t + (1� �)�m

�
1� �m

pmym

�bhm;t
b�m;t =

 
1

�m


 ym
Y

(
 � 1)ym
Y
� 
 �

1+�

� �m
(
 � 1)ym

Y



�
ym
Y
� �

1+�

�!�bym;t � bYt�

b�n;t =
 
1

�n


 yn
Y

(
 � 1)yn
Y
� 
 �

1+�

� �n
(
 � 1)yn

Y



�
yn
Y
� �

1+�

�!�byn;t � bYt�
�̂t =

mhm
H

�m
�

�
�̂m;t + bhm;t�+ nhn

H

�n
�

�
�̂n;t + bhn;t�� Ĥt

bwt = bpm;t � b�m;t + �!bkm;t + ((1� �)! � 1)bhm;t
bwt = bpn;t � b�n;t + a�bkn;t + ((1� a)� � 1)bhn;t
brt = bpm;t � b�m;t + (�! � 1)bkm;t + (1� �)!bhm;t
brt = bpn;t � b�n;t + (a� � 1)bkn;t + (1� a)�bhn;t

npnxn

�bpn;t + byn;t � bYt�+mpmxm

�bpm;t + bym;t � bYt� = 0
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bKt = m
km
K
bkm;t + (1�m)

kn
K
bkn;t

bHt = m
hm
H
bhm;t + (1�m)

hn
H
bhn;t

Furthermore, from the household side we have

K̂t+1 = (1� �) K̂t + �Ît

ŵt = Ĉt + �Ĥt

�Ĉt = �Ĉt+1 + �

�
1

�
� 1 + �

�
r̂t+1

bYt = �1� C

Y

� bIt + C

Y
bCt

where the last comes from the resource constraint Yt = Ct + It.

A.2.5 CES version of the model

If � = 0; the model collapses to CES with constant markups. The aggregator isZ 1

0

�
yi;t
Yt

� ��1
�

di = 1

with demand
yi;t
Yt
=

�
pi;t
Pt

���
and both �rm types have the usual Dixit-Stiglitz markups of �=(��1). In symmetric
equilibrium, the aggregator becomes

n

�
yn;t
Yt

� ��1
�

+m

�
ym;t
Yt

� ��1
�

= 1:

With the price index as the numeraire (P = 1) we get

1 = np1��n;t +mp1��m;t

and substituting in the demand equations yields the market share

1 =
npnyn
Y

+
mpmym
Y

:

The modi�ed linearized equations are

bym;t � bYt = ��bpm;t
byn;t � bYt = ��bpn;t
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npnyn
Y

�bpn;t + byn;t � bYt�+ mpmym
Y

�bpm;t + bym;t � bYt� = 0
Calibrating the market share mpmym

Y
and the number of ordinary �rms n , then gives

us pnyn
Y

and pmym
Y
. These are then used together with the demand functions to pin

down the relative price �
pn
pm

�1��
=
pnyn
Y

Y

pmym
:
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