
Learning-by-doing Spillovers and Industrial Policy:

Evidence from Residential Solar Installation∗

Jacob T. Bradt †

January 2026

Abstract

Learning-by-doing and knowledge spillovers fundamentally shape industry equilib-
rium when cumulative production experience reduces costs. I estimate these learning
mechanisms in California’s residential solar installation industry using a dynamic struc-
tural model with endogenous entry and exit. A 1% experience increase reduces costs
by 0.21-0.36%, with in-market rivals’ experience generating 74% of own learning bene-
fits. Removing learning economies reduces installations by 10% and contracts market
structure. Policy effectiveness depends critically on learning magnitude and spillovers:
consumer subsidies leverage spillovers to expand adoption and industry size, while en-
try subsidies more effectively stimulate competition but at substantial fiscal cost.

Keywords: Clean Technology Policy, Learning-by-doing, Industry Dynamics, In-
dustrial Policy

JEL Codes: L22, L52, Q42, Q54, Q55

∗I thank Joe Aldy, Myrto Kalouptsidi, Ariel Pakes, and Robin Lee for their guidance and support. I
also thank Galen Barbose, Jackson Dorsey, Todd Gerarden, Ken Gillingham, Ed Glaeser, Jeff Gortmaker,
Akshaya Jha, Devesh Raval, Nick Ryan, Rob Stavins, Andrew Steck, Rich Sweeney, Chris Timmins, and
Tom Wollmann as well as seminar and conference participants at KU Leuven, EARIE 2024, SITE 2024,
ES-DSE 2024, BSE Summer Forum 2024, IIOC 2024, Cornell, The University of Texas at Austin, UC San
Diego, Harvard, and AERE Summer Conference 2023 for invaluable comments and discussion. I gratefully
acknowledge funding from the Vicki Norberg Bohm Fellowship and the Harvard Pre-Doctoral Fellowship on
Carbon Pricing and Alternative Instruments in Future U.S. Energy and Climate Policy. I am responsible for
all remaining errors. A previous version of this work was circulated under the title “A Policy by Any Other
Name: Unconventional Industrial Policy in the US Residential Solar Industry.”

†The University of Texas at Austin, McCombs School of Business; jacob.bradt@austin.utexas.edu.

mailto::jacob.bradt@austin.utexas.edu


Learning-by-doing, the process through which cumulative production experience reduces

firms’ costs, is a fundamental force shaping industry evolution. When learning economies

are substantial and knowledge spills over across firms, industry dynamics differ markedly

from settings with static costs: firms face dynamic incentives to expand output today to

reduce their own future costs, while recognizing that their production also reduces rivals’

future costs through spillovers (Ghemawat and Spence, 1985). These learning dynamics

shape equilibrium prices, quantities, entry, and exit in ways that depend critically on both

the magnitude of learning and the extent of knowledge transfer across firms. Understanding

these mechanisms is essential for explaining observed industry outcomes and evaluating

policies that affect production incentives.

The presence of learning-by-doing and spillovers creates distinct equilibrium dynamics.

First, learning links current production to future costs across all firms, generating dynamic

production incentives beyond static profit maximization. Firms expand output not only

for current profits but also to reduce future costs through experience accumulation. Second,

spillovers create an externality: each firm’s production reduces rivals’ future costs, amplifying

industry-wide learning but weakening individual incentives to invest in learning. Third, these

forces interact with market structure: learning economies can facilitate entry by reducing

costs for all firms, while spillovers may discourage entry if incumbents capture learning

benefits from industry-wide production. Quantifying learning and spillovers is therefore

necessary to understand how industries characterized by experience-driven cost reductions

evolve and how policies that stimulate production affect equilibrium outcomes.

In this paper, I estimate learning-by-doing and knowledge spillovers in the solar photo-

voltaic (PV) installation industry and analyze how these learning mechanisms shape equilib-

rium outcomes and policy effectiveness. I develop and estimate a dynamic structural model

that endogenizes firms’ entry, exit, and production decisions while explicitly incorporating

learning and spillovers into firms’ cost functions and dynamic incentives. Using data on Cal-

ifornia’s residential solar market from 2008 to 2013, I find substantial learning-by-doing—a

1% increase in experience reduces costs by 0.21-0.36%—with large spillovers that amplify

industry-wide learning. Counterfactual analysis reveals these learning mechanisms are cen-

tral to observed market outcomes: removing learning economies reduces installations by

10% and substantially contracts market structure. The magnitude and spillover structure of

learning determine how policies affect equilibrium: consumer subsidies leverage learning to

expand adoption and industry size, with effectiveness depending critically on spillover rates.

Solar PV is a key climate technology due to its minimal life cycle emissions and ability

to displace fossil fuel generation. Policymakers have provided substantial subsidies for solar

adoption, with many programs targeting residential consumers. The non-trivial design and
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construction of PV systems has created an industry of intermediary installation firms that

employed over 171,000 US workers in 2022—65% of total solar employment (Interstate Re-

newable Energy Council, 2023). Installers account for a growing share of final costs: Barbose

et al. (2022) estimate installers’ share of residential costs rose from 40% in 2006 to over 80%

in 2016. Despite this growing share, installation costs have fallen, with evidence suggesting

installer learning-by-doing (Bollinger and Gillingham, 2019; Fu et al., 2016; Nemet, 2019).

Despite accounting for most residential solar costs, relatively little is known about in-

stallers compared to manufacturers. California offers an ideal setting to study learning

dynamics in this industry. California hosts nearly half of all US residential PV systems

(Barbose et al., 2022) and experienced substantial subsidy-driven growth during 2008-2013.

The California Solar Initiative (CSI) provided $2.2 billion in consumer rebates, creating vari-

ation in incentives that enables identification of learning parameters while also providing a

natural application for evaluating how learning mechanisms affect policy outcomes.

I develop a dynamic structural model of California’s residential solar installation mar-

ket based on Ericson and Pakes (1995) that explicitly incorporates learning-by-doing and

spillovers into firms’ cost structures and decision-making. Combined with unique hardware

cost data, it allows me to separate installation costs, where learning occurs, from hardware

costs. Incumbent installers’ costs depend on both their own cumulative production and

rivals’ cumulative production, creating two key incentives: firms benefit from expanding

output today to reduce their own future costs, but they also recognize that their production

reduces rivals’ future costs through spillovers. In each geographic market, incumbent firms

choose output levels accounting for these learning effects and their impact on future competi-

tion. Consumer demand for differentiated installations follows the random coefficient nested

logit model of Brenkers and Verboven (2006). Incumbent firms compare expected discounted

future profits with idiosyncratic scrap values and make irreversible exit decisions, while po-

tential entrants make one-shot entry decisions based on expected profits and entry costs.

Firms’ strategies lead to a Markov Perfect Equilibrium, approximated by a Moment-based

Markov Equilibrium (Ifrach and Weintraub, 2017).

I estimate the model using system-level data on prices, rebates, capacities, and hardware

costs for 95% of California residential PV systems from 2008 to 2013. I obtain installation

data from Lawrence Berkeley National Laboratory’s “Tracking the Sun” database, including

timing, location, and installer identity. I combine these with system-level hardware costs

from the California Public Utilities Commission. The hardware cost data are critical for

isolating the installation cost component where learning occurs. I aggregate data to the

county-half-year level for all installers operating from 2008 to 2013.

My estimation approach builds on two-step estimators of dynamic games (Bajari et al.,
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2007; Collard-Wexler, 2013; Fowlie et al., 2016; Pakes et al., 2007; Ryan, 2012). In the first

stage, I estimate demand parameters, exit policy functions, and state transitions. I use

these estimates to flexibly approximate firms’ value functions following Barwick and Pathak

(2015); Barwick et al. (2025); Kalouptsidi (2018); Sweeting (2013). In the second stage, I

form moments from optimal quantity-setting and exit conditions to recover production cost

parameters (i.e, learning) and exit costs, then use entry likelihood to recover entry costs.

The model estimates reveal two main findings. First, I find substantial learning-by-doing:

a 1% increase in effective experience decreases marginal installation costs by 0.21 to 0.36%.

The implied Spence coefficient—proportional cost reduction from doubling experience—

ranges from 0.13 to 0.22. While more modest than manufacturing learning curves, these

estimates are consistent with a service-intensive process where learning occurs through

improved coordination and permitting efficiency. Model-estimated average marginal costs

closely match independent NREL estimates from 2008 to 2013.

Second, learning spills over substantially across firms. A 1 unit increase in total in-

market rival experience generates 74% of the learning benefit of a firm’s own experience

increase. To explore mechanisms, I estimate specifications allowing differential spillovers

by experience source. I find larger spillovers from rivals in the same geographic market,

suggesting knowledge transfer operates through market-level mechanisms such as worker

mobility, observable installation practices, or passive learning by regulators.

Counterfactual simulations reveal how learning mechanisms shape equilibrium outcomes

and policy effects. First, learning-by-doing fundamentally determines market equilibrium:

removing learning economies while holding policies fixed reduces installations by 10%, in-

creases equilibrium prices persistently, and substantially contracts the number of active

firms. This demonstrates that observed industry outcomes reflect learning dynamics, not

just static production costs and demand. Second, spillover rates determine how production

affects industry-wide costs: high spillovers amplify the cost-reducing effects of aggregate

production, making demand expansion valuable for reducing future costs across all firms.

Consumer subsidies exploit this by increasing production, with effectiveness scaling with

spillover magnitude. Third, the interaction between learning and market structure creates

feedback: subsidies stimulate production, reducing costs through learning, which facilitates

entry and further production.

Finally, supply-side entry subsidies can leverage learning more effectively than demand

subsidies, but at substantial fiscal cost. Replacing the CSI with entry subsidies of varying

sizes dramatically increases active firms (by up to 62%) and installations. This expanded

competition drives lower prices and expanded adoption. While entry subsidies generate

significant benefits through increased consumer surplus and reduced exit, these gains are
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o�set by large government expenditures: entry subsidies reduce total welfare relative to the

CSI by $180 million to $1.3 billion, primarily re
ecting �scal costs of $2.1 billion to $8.4

billion. These results suggest that while entry subsidies e�ectively expand market size and

competition by directly stimulating learning, their substantial �scal burden and di�erent

political economy must be weighed against demand-side approaches.

These �ndings contribute to our understanding of how learning-by-doing and spillovers

shape industry equilibrium. Theoretical work establishes that cumulative experience a�ects

market outcomes (Arrow, 1962; Besanko et al., 2010; Cabral and Riordan, 1994; Fuden-

berg and Tirole, 1983; Spence, 1981), with Ghemawat and Spence (1985) showing non-

appropriable learning in
uences market structure when knowledge spills over across �rms.

A large empirical literature estimates learning curves in aircraft (Benkard, 2000, 2004), ships

(Thompson, 2001, 2007; Thornton and Thompson, 2001), semiconductors (Irwin and Klenow,

1994), oil (Kellogg, 2011), automobiles (Levitt et al., 2013), and wind turbines (Covert and

Sweeney, 2022), with several �nding spillovers (Covert, 2015; Irwin and Klenow, 1994; Kel-

logg, 2011; Thornton and Thompson, 2001). Bollinger and Gillingham (2019) estimate learn-

ing by solar PV installers with spillovers.1 I build on this literature by embedding learning

and spillovers in a dynamic oligopoly model with endogenous entry and exit, allowing me to

trace how learning mechanisms a�ect equilibrium prices, quantities, and market structure.

My results also contribute to evaluating policies that a�ect industries with learning

economies. A large literature on solar PV subsidies focuses on adoption, �nding consumer

subsidies increase installations but may not be justi�ed by static environmental bene�ts

(Borenstein, 2017; De Groote and Verboven, 2019; Dorsey, 2024; Gillingham and Tsvetanov,

2019; Hughes and Podolefsky, 2015). Gerarden (2022) shows accounting for manufacturer

innovation can justify subsidy levels. van Benthem et al. (2008) and Langer and Lemoine

(2022) demonstrate via simulation that learning-by-doing can rationalize PV subsidy design.

I contribute empirical evidence that learning mechanisms|both magnitude and spillover

structure|fundamentally determine policy e�ects. Understanding these mechanisms is nec-

essary for predicting how subsidies a�ect adoption, market structure, prices, and welfare. The

results also speak to the growing industrial policy literature (Juh�asz et al., 2023), showing

that learning dynamics determine how demand subsidies a�ect industry size and structure,

complementing existing work on R&D subsidies (Bloom et al., 2002; Hall and Van Reenen,

2000) and production subsidies (Barwick et al., 2025; Kalouptsidi, 2018).

The rest of the paper is organized as follows. Section 1 provides an overview of the solar

PV industry and policy environment. Section 2 discusses the data I use in my analysis and

1My model endogenizes entry and exit whereas Bollinger and Gillingham (2019) hold these �xed. I also
account for serially-correlated productivity shocks in production cost estimation.
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provides some descriptive results on solar PV installers in California. Section 3 presents the

model. Sections 4 and 5 describe estimation and the model estimates. Finally, Section 6

presents results from counterfactual policy simulations while Section 7 concludes.

1 Economic and Policy Landscape

1.1 Solar PV Industry

The global solar industry has grown rapidly since the �rst commercial application of PV

technology on satellites in the 1950s. Solar modules consist of interconnected solar cells that

convert sunlight into electricity via the photovoltaic e�ect. Since Bell Labs created the �rst

practical solar cell in 1954, technological innovation and improved manufacturing e�ciency

have substantially reduced solar module costs (Nemet, 2019). From 1975 to 2021, solar

module prices declined over 99%, from$115 to under$0.5 (2021 USD) per watt (IRENA,

2022; Nemet, 2009). Global solar capacity grew 1000-fold from just under 1 gigawatt to over

1 terrawatt from 2000 to 2022 (IRENA, 2023).

Solar PV is a modular technology manufactured at-scale, enabling applications from

utility-scale generation to small residential systems, the focus of this paper. Residential

PV installation requires non-trivial design and construction. Rooftop installation, which

accounts for 98% of residential use in the US, introduces site-speci�c features requiring

idiosyncratic design. Practical installation challenges and technical electrical components

require specialized labor. These features combined with convoluted regulatory environments

involving varying permitting and inspection requirements across jurisdictions and often gen-

erous but di�cult-to-navigate incentive programs have given rise to an industry marketing

PV installation as a service. Installation �rms source hardware inputs, design and construct

systems, and manage permitting and inspection for households.

While solar panel costs have declined dramatically at a global scale, an increasing share

of end consumer costs is attributable to local installers. Figure 1 shows Lawrence Berkeley

National Lab data on solar PV hardware costs and median installed costs for US residential

consumers over 2000-2021. The installer share (installation labor, permitting, and markups)

more than doubled over 2006-2016, going from 40% to over 80% (Barbose et al., 2022).

Despite accounting for a growing share of �nal costs, these \soft" costs have fallen in

absolute terms in recent years, though far less than hardware costs (Fu et al., 2016). Evidence

suggests soft cost reductions stem from installer process improvements, inter-�rm learning,

and streamlined policies (Bollinger and Gillingham, 2019; Nemet, 2019; Nemet et al., 2017).

Existing estimates struggle to separate installer costs and markups, though Bollinger and

Gillingham (2019) addresses this. Determining the magnitude and sources of installation-
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Figure 1. PV System Installed Cost Components, 2000-2021

Notes: This �gure shows installed cost and hardware component cost per watt for residential PV systems
in the US from Lawrence Berkeley National Lab's \Tracking the Sun" report (Barbose et al., 2022).
Hardware costs include PV modules and inverters. Bars show the share of installed cost attributable to
non-hardware costs (installation labor, permitting, markups, etc.).

speci�c cost reductions is a key objective of this paper.

1.2 California's PV Policy Environment

California hosts nearly half of all US residential solar PV systems (Barbose et al., 2022).

While climate drives adoption, generous policies also play a major role. Since the late 2000s,

California households have been eligible for adoption incentives at state and federal levels.

The California Solar Initiative (CSI), the state's largest direct rebate program, ran from

2007 to 2013 with a$2.2 billion budget, providing cash rebates to customers of three main

investor-owned utilities (IOUs). The CSI rebate schedule was designed explicitly with

learning-by-doing in mind: rebates started at$2.50 per watt and stepped down over 10

rate levels based on cumulative installed capacity in each IOU service area. This design

assumed industry experience would reduce costs, thereby reducing rebates needed to incen-

tivize adoption. Appendix Figure A1 shows spatial and temporal variation in CSI rebates

across IOUs, with rebate steps changing at di�erent times based on cumulative capacity.

These sharp changes provide plausibly-exogenous variation in net-of-rebate prices useful for

estimation.

Solar-installing households have also been eligible for a 30% federal investment tax credit

(ITC) since 2007 and net energy metering (NEM) crediting excess generation at retail rates.
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See Appendix A.2 for full policy details.

Beyond reducing emissions, an express goal of the CSI was to \establish a self-su�cient

solar industry" (California State Senate, 2006). A primary motivation of this paper is eval-

uating this objective by estimating the extent to which the CSI reduced costs and changed

industry structure.

2 Data and Descriptive Evidence

2.1 Data Sources

I construct a dataset tracking installation �rms' prices, market shares, hardware costs, ex-

perience, and entry-exit decisions across county-level markets and half-yearly periods from

2008 to 2013. This section summarizes key data sources and restrictions; see Appendix A

for a more detailed discussion of these data.

I obtain installer data from Lawrence Berkeley National Laboratory's \Tracking the Sun"

database (Barbose et al., 2022), which compiles system-level data from state agencies and

utilities. The database includes installation date, system size, prices, rebates, location,

installer identity, and hardware speci�cations. California data cover over 98% of state in-

stallations. I apply several restrictions, focusing on residential rooftop systems below 20 kW

with observed prices and rebates, excluding self-installed and third-party-owned systems.

I obtain hardware cost data from the California Public Utilities Commission, allowing me

to separate hardware costs from installation costs. Coverage is most complete for 2008-2013:

I match hardware costs to over 79% of systems in this period. Given hardware costs are

essential for isolating the installation component where learning occurs, I restrict the sample

to 2008-2013.

I aggregate system-level data to the county-half-year level for each installer, calculating

average prices, installed capacity, rebates, and hardware costs. I use full 2000-2021 data to

calculate each installer's cumulative experience and identify entry and exit during 2008-2013.

The �nal dataset includes roughly 10,000 observations representing over 94,000 installations

by 500 installers across 33 counties over 12 half-yearly periods. Additional data sources

include Census ACS data for market size estimation and demand heterogeneity, and EIA

electricity rate data for estimating net metering bene�ts.

2.2 Descriptive Evidence

Figure 2 shows time series variation in key measures of California residential PV installation

industry activity for 2004-2013, covering the main CSI period and three prior years.
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Figure 2. California Residential PV Installation Activity, 2004-2013

Notes: This �gure shows time series variation in California residential PV installation industry activity
over 2004-2013: cumulative installed capacity in megawatts (top left), total revenue in million 2013 USD
(top right), statewide Her�ndahl-Hirschman Index based on installed capacity (bottom left), and number
of statewide incumbent �rms (bottom right). Data are for rooftop, household-owned installations from
LBNL's \Tracking the Sun" database (Barbose et al., 2022).

Like the global solar industry, California's PV industry experienced dramatic growth

starting in the mid-2000s. From 2007 to 2013, the main period of the CSI, total installed

residential PV capacity increased nearly 10-fold, from 60 to 600 MW. This rapid capacity

growth corresponded with expansion of the installation industry: both statewide revenue

and the number of operating �rms increased rapidly during this period. Installer industry

concentration remained low, with a statewide Her�ndahl-Hirschman Index between 100 and

540 from 2007 to 2013.

While these trends are suggestive, they provide limited insight into the mechanisms

through which PV policy shaped industry growth. To explore potential learning spillovers, I

estimate the relationship between rivals' cumulative experience in a county and an installer's

own costs plus markups (measured as installation price per watt net of hardware costs). I

control for county and year �xed e�ects to account for time-invariant market characteristics

and aggregate time trends. Figure 3 shows a strong, negative relationship between rivals'

experience and own costs plus markups over 2007-2013, consistent with learning spillovers
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Figure 3. Rivals' Experience and Own Costs, Markups, 2007-2013

Notes: This �gure shows the estimated relationship between rivals' normalized cumulative installation
experience in a county and a �rm's costs plus markups (installation price per watt net of hardware
costs) over 2007-2013. The �gure plots mean residuals conditional on county and year �xed e�ects.

reducing installation costs.2

While this descriptive evidence suggests learning spillovers may be important, it cannot

quantify their magnitude or identify speci�c mechanisms. To precisely analyze how learning-

by-doing and knowledge spillovers a�ect the PV installation industry and the impact of

policy, I develop a structural model of installer entry, exit, and production.

3 Model: Entry and Exit with Endogenous Learning-by-Doing

I develop a model of �rm entry, exit, and quantity-setting based on Ericson and Pakes

(1995)'s dynamic oligopoly framework.

In each periodt and market m 2 f 1; : : : ; M g, there arej 2 f 1; : : : ; Jmt g incumbent �rms

facing static consumersi 2 f 1; : : : ; Nmt g who demand di�erentiated solar PV installation

services. Incumbents dynamically choose installation quantities conditional on marginal costs

and beliefs about future learning. Incumbents then choose whether to exit by comparing

expected discounted future pro�ts with an idiosyncratic scrap value, while a market-speci�c

pool of potential entrants j 2 f 1; : : : ; �Nmg make one-shot entry decisions based on expected

discounted future pro�ts and an idiosyncratic entry cost. At each period's end, entry and exit

decisions are implemented and the state evolves. Firms' strategies lead to a Markov Perfect

Equilibrium, which I approximate using a Moment-based Markov Equilibrium concept.

2This descriptive relationship suggests rivals' experience may reduce �rms' costs through mechanisms like
worker mobility, visibility of rivals' practices, or regulator learning that bene�ts all �rms in a market. The
structural model in Section 3 formalizes and estimates these spillover e�ects.
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A period is a half-year and a market is a county. Firms have an in�nite horizon and share

discount factor � . Incumbent installer j in market m at time t is di�erentiated by its state,

which includes a common knowledge componentsjmt and a private component. The private

component includes a shock to the �rm's sello� value� jmt and an unobserved productivity

shock� jmt . The common knowledge component is

s0
jmt =

h
E jmt � jmt hjmt

i

where E jmt is the installer's market-speci�c experience;� jmt is installation service quality

derived from the demand system; andhjmt is hardware input costs. The market statesmt

is the union of all incumbent �rms' common knowledge states plus two aggregate state

variables: demand statedmt and market-level inclusive valueI mt , which capture revenue

potential and competition intensity (Aguirregabiria et al., 2021). Potential entrants observe

the market state and are di�erentiated by an idiosyncratic entry cost shock! jmt .

3.1 Demand for Solar Installations

I estimate consumer demand using the random coe�cient nested logit (RCNL) model of

Brenkers and Verboven (2006) and Grigolon and Verboven (2014). Incumbent �rms face

static consumersi 2 f 1; : : : ; Nmt g who demand solar PV installation services. I assume a

static demand model reasonably approximates consumer behavior.3 Each consumer pur-

chases installation from an observed incumbentj 2 f 1; : : : ; Jmt g or does not install (j = 0).

Conditional indirect utility from choosing installer j in market m in period t is

uijmt = � p
i (pjmt � r jmt ) + � 0

i X jmt + � jmt + �� j + �� t + �" ijmt (1)

whereX jmt is a K � 1 vector of observable �rm characteristics;pjmt is retail price per watt;

r jmt is rebate per watt; � jmt is �rm's market-time-speci�c unobserved quality; �� j allows

mean valuation of unobserved characteristics to vary by product;�� t allows mean utility from

installation to vary over time; and �" ijmt is an idiosyncratic preference shock. I normalize

prices and rebates by capacity for consistency across system sizes.

Following Berry (1994), I decompose the idiosyncratic preference shock using nested logit

distributional assumptions. De�ne two groupsg 2 f 0; 1g, whereg = 1 includes incumbent

installers andg = 0 the singleton no-installation option. Then �" ijmt = � igmt + (1 � � )" ijmt

where" ijmt is i.i.d. Type 1 Extreme Value,� igmt has the unique distribution such that �" ijmt is

3I develop and estimate a dynamic demand model in Appendix B and �nd my static demand estimates
provide a reasonable reduced form.
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i.i.d. Type 1 Extreme Value, and 0� � < 1 is a nesting parameter proxying for within-group

preference correlation. I normalize non-installation utility such thatui 0;mt = " i 0mt .

Taste heterogeneity is parameterized as� p
i = � p=yi and � k

i = � k + � k log(yi ) for attribute

k, where� p, � k , � k are parameters andyi is consumer income.4 This allows me to re-write

conditional indirect utility as

uijmt = � jmt + � ijmt + � igmt + (1 � � )" ijmt

where

� jmt � � 0X jmt + � jmt + �� j + �� t and � ijmt �
� p

yi
(pjmt � r jmt ) + � 0X jmt log(yi )

Market share of installerj in market m in period t is

msjmt =
1

Nmt

NmtX

i =1

exp
�
(� jmt + � jmt )=(1 � � )

�

exp
�
I igmt =(1 � � )

�
expI igmt

expI imt
(2)

whereI igmt and I imt are the McFadden (1977) inclusive values.5

3.2 Incumbent Cost Structure and Payo�s

After observing market statesmt , incumbents privately observe productivity shock� jmt and

choose installation quantityqjmt at cost mcj (smt ) per watt. Marginal production cost is

mcj (smt ; � c) = c0 �
�

hjmt

� �
�

�
~E j

�
smt ; � E

� � 

� e� jmt (3)

wherehjmt is exogenous hardware cost per watt;~E j (smt ; � E ) is �rm j 's \e�ective" experience,

a function of own and rivals' experience with parameters� E ; 
 is the learning exponent;�

is the hardware cost pass-through parameter;c0 scales the cost function; and� jmt is an

unobserved productivity shock.6 The parameter vector is� c = ( c0; �; � E ; 
 ).

This speci�cation follows unbounded learning models standard in the learning-by-doing

literature (Benkard, 2000; Covert and Sweeney, 2022; Levitt et al., 2013; Thornton and

Thompson, 2001). De�ning marginal cost as a function of e�ective experience allows me to

4This � p
i parameterization approximates Cobb{Douglas indirect utility (Berry et al., 1999).

5The inclusive value of the inside goods isI i 1mt = (1 � � ) log
P J mt

j =1 exp
�
(� jmt + � ijmt )=(1 � � )

�
and the

inclusive value of all goods isI imt = log(1 + exp I i 1mt ). Thus, to get the McFadden (1977) inclusive value at
the market-time-level, I simply sum across individuals in the market: I mt =

P N mt
i =1 I imt .

6I index functions by j to indicate �rm-speci�c values, e.g., mcj (smt ). Since state vector smt includes
each �rm's state, this avoids duplicating sjmt in function arguments.
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test di�erent models of experience accumulation. One model I test is

~E j
�
smt ; � E

�
= E jmt + � E

1

 
X

k6= j

Ekmt

!

(4)

where market rivals' cumulative production has a potentially di�erent marginal contribution

to �rm j 's e�ective experience than own cumulative production. The experience parameter

� E
1 is normalized with respect to own experience.7 I report estimated experience parameters

from several models of experience accumulation in Section 5.

An incumbent active in period t in market m earns product market pro�ts

� j (smt ; qjmt ; � c) =
�

pj (smt ; qjmt ) � mcj (smt ; � c)
�

qjmt

where pj (smt ; qjmt ) is �rm j 's price per watt, de�ned by the inverse demand curve from

Section 3.1.

The ex-ante value function for incumbentj in market m at time t prior to realization of

� jmt is

Vj (smt ) = E�

�
� j (smt ) + max

n
� jmt ; CVj (smt )

o �
(5)

where CVj (smt ) = E
�
Vj (smt +1 )jsmt ; q�

mt

�
is the continuation value (expected discounted fu-

ture pro�ts with expectation over state variable transitions); q�
mt is the vector of optimal

quantities; and � is the discount factor.

3.3 Product Market Game

Incumbents compete each period by choosing installation quantities to maximize current

period pro�ts plus expected continuation value. Firmj in market m in period t solves:

max
qjmt

�
� j (smt ; qjmt ) + �

Z
Vj (smt +1 )dF(smt +1 jsmt ; qmt )

�

whereF (smt +1 jsmt ; qmt ) is the transition kernel for statesmt conditional on quantities qmt .

The optimal quantity satis�es:

0 =
@

@qjmt
� j (smt ; qjmt )

| {z }
marginal static pro�ts

+
@

@qjmt
�

Z
Vj (smt +1 )dF(smt +1 jsmt ; qmt )

| {z }
dynamic \markdown"

(6)

7I normalize all experience terms by total industry experience in H1 2008, ensuring readability of� E

parameters and improving numerical stability.
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The �rst term is the standard static quantity-setting condition; the second captures the

incentive to raise production today to reduce future costs and any strategic considerations

regarding impacts on rivals.8 The �rst term can be written:

@
@qjmt

� j (smt ; qjmt ) = pj (smt ; qjmt ) +
@pj (smt ; qjmt )

@qjmt
qjmt � mcj (smt ; � c) (7)

This standard condition trades o� marginal bene�ts and costs in the current period, account-

ing for both the direct e�ect of producing a marginal unit and the inframarginal impact of

reducing equilibrium price on all units supplied.

The dynamic markdown describes the marginal e�ect of current production on discounted

future pro�ts. As noted by Berry and Pakes (2000) and Covert and Sweeney (2022), changes

in qjmt a�ect the transition distribution F (smt +1 jsmt ; qmt ) only through experience evolution

E jmt , not the value functionV(�) itself. SincedF(smt +1 jsmt ; qmt ) > 0 for anyqmt , the dynamic

markdown simpli�es to:

@
@qjmt

�
Z

Vj (smt +1 )dF(smt +1 jsmt ; qmt ) = �
Z

Vj (smt +1 )
@

@qjmt
dF(smt +1 jsmt ; qmt )

= �
Z

Vj (smt +1 )

 @
@qjmt

dF(smt +1 jsmt ; qmt )

dF(smt +1 jsmt ; qmt )

!

dF(smt +1 jsmt ; qmt )

= � E

"

Vj (smt +1 )

 @
@qjmt

dF(smt +1 jsmt ; qmt )

dF(smt +1 jsmt ; qmt )

! �
�
�
�
�
smt ; qmt

#

(8)

This simpli�ed form shows �rm j 's dynamic markdown is the expected bene�ts at a given

future state realization smt +1 multiplied by the marginal change in probability that this

state is realized from changingqjmt . Combining these forms for marginal static pro�ts and

dynamic markdown provides a feasible approach to writing �rms' quantity-setting condition

as a function of data and estimable parameters, outlined in Section 4.

3.4 Exit and Entry

After product market decisions, incumbents draw a private scrap value� jmt . The optimal

exit policy follows a threshold form: �rm j exits market m in period t if the scrap value

exceeds its continuation value,CVj (smt ). With i.i.d. scrap values, the �rm exits with

probability px
j (smt ):

px
j (smt ) � Pr

�
� jmt > CV j (smt )

�
= 1 � F�

�
CVj (smt )

�

8I follow Covert and Sweeney (2022) in referring to the second term as the \dynamic markdown."
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whereF� is the CDF of � jmt . I assume� jmt
i.i.d.� Exponential(1=� � ), implying:

px
j (smt ; � � ) = exp

�
�

CVj (smt )
� �

�
(9)

Simultaneously, �Nm potential entrants observe statesmt and a private i.i.d. entry cost

! jmt before making a one-shot entry decision. If potential entrantj 2 f 1; : : : ; �Nmg enters, it

pays ! jmt and becomes an incumbent next period; otherwise it disappears with zero payo�.

Entrants are endowed with quality and hardware cost drawn from the empirical distribution

of observed states and start with zero experience,E jmt = 0.

The optimal entry policy follows a threshold form: potential entrantj enters marketm

in period t if entry cost ! jmt is below the value of entering:

! jmt � V Ej (smt ) � � E
�
Vj (smt +1 )jsmt ; � e

jmt = 1
�

where � e
jmt equals 1 if potential entrant j enters and 0 otherwise, and the expectation is

over the entrant's information set, which includes statesmt . With i.i.d. ! jmt , the entry

probability is:

pe
j (smt ) � Pr

�
! jmt � V Ej (smt )

�
= F!

�
V Ej (smt )

�

whereF! is the CDF of ! jmt . I assume! jmt
i.i.d.� Exponential(1=� ! ), implying:

pe
j (smt ; � ! ) = 1 � exp

�
�

V Ej (smt )
� !

�
(10)

3.5 State Transitions

I assume hardware cost (hjmt ) and installation quality ( � jmt ) are exogenous and evolve

stochastically according to a �rst-order Markov process. For hardware costs, this implies

installers are price-takers in the upstream input market, reasonable given many module and

inverter manufacturers. Data limitations preclude endogenizing quality.

The remaining state variables|aggregate demand (dmt ), market-level inclusive value

(I mt ), and experience (E jmt )|are endogenous and evolve from the demand model and �rm

quantity-setting actions.

3.6 Equilibrium

A Markov-Perfect Equilibrium in market m at period t includes policies governing produc-

tion, exit, and entry
�

qmt ; px
j (smt ); pe

j (smt )
�

, value functions Vj (smt ), and prices pjmt such
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that �rms' decisions satisfy (6), (9), and (10). Equilibrium prices are generated by the in-

verse demand function and equate demand with supply. Incumbent value functions satisfy

(5) and all �rms employ equilibrium policy functions to form expectations. Equilibrium

existence follows from Ericson and Pakes (1995) and Doraszelski and Satterthwaite (2010).

The state variablesmt is high-dimensional when many �rms are active. To reduce com-

putational burden, I assume �rms track only market-level moments of rivals' state variables

rather than every rival's full state. Ifrach and Weintraub (2017) provide a detailed treat-

ment of this Moment-based Markov Equilibrium approach, similar to oblivious equilibrium

(Benkard et al., 2015; Weintraub et al., 2008), which approximates Markov-Perfect Equi-

librium in industries with many �rms and has been widely employed (Barwick et al., 2025;

Gerarden, 2022; Jeon, 2022; Vreugdenhil, 2023; Wollmann, 2018).

A remaining issue is nonstationarity in the regulatory environment. While numerous

overlapping adoption subsidies evolve over the study window, explicitly modeling �rms' be-

liefs about future subsidy distributions substantially complicates equilibrium computation.

I follow standard practice and assume �rms behave as if subsidy policy changes are unan-

ticipated, one-time changes not repeated in the future (Aguirregabiria et al., 2021; Ryan,

2012). As noted by Barwick et al. (2025), one approach to proxy for dynamic regulatory

environments is using lower discount rates so future payo�s matter less for current decisions.

I use this approach to test robustness of my permanent subsidy change assumption.

4 Estimation Strategy

I estimate the model in two stages. The �rst stage estimates the demand system, exit policy

functions, and state transition processes. The second stage jointly estimates production cost

parameters governing learning economies, exit costs, and entry costs.

4.1 First Stage: Demand Estimation, Exit Policies, and States

Demand Estimation I estimate demand following Berry et al. (1995)'s nested �xed point

procedure and Conlon and Gortmaker (2020)'s best practices, adapted to the RCNL model

of Brenkers and Verboven (2006) and Grigolon and Verboven (2014). I derive a GMM

estimator from the moment conditionE[Z 0
D � (� D

0 )] = 0, where � D
0 = ( � p; � 0; �; � ) are demand

parameters,� (� D ) solves the system of market shares in (2), andZD are instruments. The

GMM estimator is

�̂ D = arg min
� D

� b� (� D )0ZD
�
W � 1

�
Z 0

D
b� (� D )

�
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where b� (� D ) is the sample analog of� (�) and W is a positive de�nite weight matrix.

The installer characteristics that enterX jmt include a measure of the e�ciency of PV

modules an installer o�ers, the number of distinct PV module types an installer o�ers, and

the half-yearly average electricity price in a county. Including a �rm �xed e�ect, �� j , in (1)

absorbs time-invariant installer characteristics and the period �xed e�ect,�� t , accounts for

aggregate trends in mean preferences for solar over time. In estimation, I take 200 draws of

household income from the annual American Community Survey PUMS per county-period.

I adopt many of the best practices for di�erentiated demand estimation recommended

by Conlon and Gortmaker (2020). I employ the standard two-step procedure for GMM

estimation, adjusting the weight matrix in the second step to account for clustering at the

county-level. I solve the system of market shares de�ned by (2) using SQUAREM with

a dampened version of the Berry et al. (1995) contraction mapping based on Grigolon and

Verboven (2014). I calculate standard errors using the GMM formula, clustering observations

at the county-level to allow for within-market correlation in unobserved quality.

Identi�cation of demand parameters� D requires instruments addressing price endogeneity

and identifying parameters governing consumer heterogeneity and demand curvature. Prices

correlate with unobserved quality� jmt as �rms observe product valuations when setting prices

(Berry and Haile, 2014). I use CSI rebates per watt and county-level electrician/roo�ng wages

as cost shifters (Gillingham and Tsvetanov, 2019; Pless and Van Benthem, 2019), plus rivals'

non-price characteristicsX � jmt following Berry et al. (1995).

Identifying the nest parameter � and random coe�cient parameters � that govern de-

mand curvature requires exogenous variation in the distribution of consumer valuations for

inside goods. The number of active �rms and lagged installations in other counties shift

the distribution of inside-good market shares, identifying� . Following Miller and Weinberg

(2017), mean income interacted with product characteristicsX jmt leverages demographic

variation to identify � . This approach identi�es both demand elasticity (mean price sensi-

tivity) and demand curvature (heterogeneity in price sensitivity), which jointly determine

how �rms' pricing responds to cost shocks and mergers.

Exit Policy Function I estimate exit probabilities using a logit regression:

Pr(� x
jmt = 1jsmt ) =

exp
�
hj (smt )

�

1 + exp
�
hj (smt )

�

where� x
jmt equals 1 if �rm j exits market m in period t and hj (smt ) is a 
exible function of

states. Following Gerarden (2022), I selecthj (smt ) via LASSO with k-fold cross validation,
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then re-estimate the logit model with the selected regressors.9 I denote the resulting �tted

exit probabilities as p̂x
jmt .

State Space Following the Moment-based Markov Equilibrium concept of Ifrach and

Weintraub (2017), �rms track moments of rivals' states rather than every rival's full state

vector. Firms observe their own states (E jmt ; � jmt ; hjmt ) plus within- and out-of-county aver-

ages of rivals' hardware cost and quality, total rival experience in-county (�E m
jmt =

P
k6= j Ekmt )

and out-of-county ( �E o
jmt =

P
l6= m

P
k6= j Eklt ), plus aggregate demanddmt and inclusive value

I mt . This yields an 11-dimensional state vector per �rm.

State Transitions I model exogenous states (hardware costhjmt and quality � jmt ) as

AR(1) processes with county-speci�c intercepts following Aguirregabiria and Mira (2007).

Experience evolves deterministically:E jmt +1 = E jmt + qjmt , with entrants having E jmt = 0.

Following Aguirregabiria et al. (2021), Gowrisankaran and Rysman (2012), and Barwick and

Pathak (2015), I assume �rms believe aggregate states (demanddmt and inclusive valueI mt )

follow AR(1) processes.

4.2 Second Stage: Learning, Exit, and Entry Parameters

I now estimate production cost parameters governing learning (� c), exit costs (� � ), and entry

costs (� ! ). I assume a half-yearly discount factor corresponding to an annual discount factor

of 0.875 following Gerarden (2022) and De Groote and Verboven (2019).10

Value Function Approximation Estimation requires solving for �rms' value functions

Vj (smt ), which enter the optimality conditions (6), (9), and (10). Since scrap values� jmt are

i.i.d. exponential, the value function prior to realizing� jmt is

Vj (smt ) = E� [� j (smt ) + max f � jmt ; CVj (smt )g]

= � j (smt ) + px
j (smt )� � + CVj (smt ) (11)

where I use the memoryless property of the exponential distribution (Pakes et al., 2007).

Following Barwick et al. (2025), I approximate theVj (smt ) usingL basis functionsbl
j (smt ):

Vj (smt ) '
LX

l=1

� lbl
j (smt ) CVj (smt ) ' �

LX

l=1

� lE[bl
j (smt +1 )jsmt ] (12)

9Candidate regressors include quadratic polynomials of state variables, their pairwise interactions, and
county and period �xed e�ects. See Appendix C for details.

10Ryan (2012) assumes an annual discount factor of 0.9.
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where � l are coe�cients to be estimated. This approach avoids computationally-intensive

state discretization and is feasible despite the value function's nonlinearity in parameters.11

Production and Exit Cost Estimation Since production cost and exit parameters are

functions of �rms' value functions, which themselves depend on these target parameters,

I jointly estimate both sets via non-linear GMM. I derive moments from the conditions

governing optimal quantity setting and exit.

I re-express the optimal quantity condition (6) by combining the static markup (7) and

dynamic markdown (8) with marginal production costs (3):

0 = pjmt + (� � 1
mt )(j;j ) � msjmt � mcj (smt ; � c) + � E[Vj (smt +1 ; � ) � 
 j (smt ; qmt )] (13)

wherepjmt and msjmt are price and market share (from data); (�� 1
mt )(j;j ) is the diagonal ele-

ment of the inverse own- and cross-price derivative matrix (from �rst-stage demand estima-

tion); mcj (smt ; � c) is marginal production cost per watt as a function of e�ective experience,

hardware costs, and parameters� c via (3); Vj (smt +1 ; � ) is the approximated value function;

and 
 j (smt ; qmt ) =
@

@qjmt
dF (smt +1 jsmt ;qmt )

dF (smt +1 jsmt ;qmt ) captures the sensitivity of state transitions to �rm

j 's quantity choice.

The dynamic markdown term 
 j (�) has a closed form since the only future state variable

directly a�ected by �rm j 's current quantity is its own e�ective experience. De�ne the

transition kernel for e�ective experience asdG( ~E jmt +1 jE t ; qt ), whereE t and qt are vectors of

cumulative production and quantities for all incumbents. Under the experience accumulation

model (4), dG( ~E jmt +1 jE t ; qt ) = ( E jmt + qjmt ) + � E
1

� P
m

P
k6= j (Ekmt + qkmt )

�
, which yields:


 jmt �
@

@qjmt
dG( ~E jmt +1 jE t ; qt )

dG( ~E jmt +1 jE t ; qt )
=

1

(E jmt + qjmt ) + � E
1

� P
m

P
k6= j (Ekmt + qkmt )

�

This closed form allows me to calculate the expectation in (13) using current states and

quantities, estimated state transitions, and value function coe�cients� .

I recover productivity shocks� jmt from (13) as a function of production cost and value

function parameters (� c; � ). Following standard practice for production function estimation

(Benkard, 2000; Olley and Pakes, 1996), I assume� jmt follows an AR(1) process:

� jmt (� c; �; � ) = � jmt (� c; � ) � �� jmt � 1(� c; � ) (14)

11See Appendix E for basis function construction, expectation approximation, and coe�cient estimation
details.

18



To form moment conditions for estimation, I interact the innovation with instrumentsZ jmt :

E
�
Z 0

jmt � jmt (� c; �; � )
�

= 0 (15)

where� is the serial correlation coe�cient to be estimated. I discuss instrument selection in

Section 4.3. Accounting for serial correlation prevents biased learning estimates since �rms

with persistent positive productivity shocks accumulate more experience while having lower

marginal costs, leading to overestimated learning without this correction.

For the exit cost parameter� � , I derive a moment from the optimal exit condition by min-

imizing squared di�erences between �tted exit probabilities (from �rst-stage estimation) and

model-implied exit probabilities exp
�

� CVj (smt ;� )
� �

�
. De�ning  jmt (� � ; � ) as this di�erence,

the moment condition is:

E
�

@ jmt (� � ; � )
@��

 jmt (� � ; � )
�

= 0 (16)

Stacking moments (15) and (16) allows joint estimation of target parameters� = ( � c; �; � � ).

Since these moments depend on value function coe�cients� , which themselves depend on

(� c; � � ), I follow Sweeting (2013) and iterate between solving for� given � and updating �

via two-step GMM until convergence. Speci�cally, at iterationi with parameter guess�̂
i
:

(1) solve for �̂ i that minimizes Bellman violations; (2) update�̂
i +1

via GMM using stacked

moments with weight matrix W; (3) checkL1 norm convergence. I calculate standard errors

via non-parametric bootstrap with 200 samples drawn by resampling entire market histories.

Entry Cost Estimation Using estimated value function coe�cients, I compute entry val-

ues for potential entrants by calculating expected next-period state variables using observed

aggregate states and assuming entrants draw quality and hardware cost from the empirical

distribution of observed states with zero initial experience. I average over 1000 draws from

estimated state transition processes.

Since the number of potential entrants is unobserved, I follow standard practice and

assume it is some multiple of the median, mean, or maximum observed entrants per market

over the sample period, reporting estimates for several speci�cations. I estimate the entry

cost parameter � ! via maximum likelihood (which is more e�cient than moment-based

approaches) using the log likelihood:

log(f (� e
jmt ; � ! ))

=
X

j;m;t

"

� e
jmt log

 

1 � exp

 
� V Ej (smt ; �̂ )

� !

!!

� (1 � � e
jmt )

 
V Ej (smt ; �̂ )

� !

!#
(17)
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where � e
jmt equals 1 if potential entrant j enters marketm in period t. Standard errors are

computed via non-parametric bootstrap with 200 samples clustered by county.

4.3 Identi�cation of the Dynamic Parameters

Identi�cation of production cost parameters relies on the AR(1) productivity shock model

(14). Given this model, variation in prices, quantities, and exit decisions across �rms with

di�erent hardware costs and experience vectors identi�es the base cost, learning exponent,

e�ective experience, and serial correlation parameters.

The instrumentsZ jmt in (15) include predicted own experience, predicted rival experience,

lagged hardware costs, a time trend, and lagged installation-adjacent wages. I construct pre-

dicted experience instruments by estimating a reduced-form demand model regressing log

market shares on rebates, solar radiation (GHI), electricity prices, installer �xed e�ects,

year �xed e�ects, and commuting zone �xed e�ects, instrumenting inside shares with the

number of �rms and rival experience. Fitted values yield predicted quantities and thus pre-

dicted cumulative experience. Predicted rival experience is the sum of other �rms' predicted

experience in the same county-period. These instruments are valid since� jmt is serially

uncorrelated by construction and orthogonal to the exogenous demand and cost shifters.

The instruments provide identifying power: predicted experience correlates with marginal

costs but not current innovations (being based on exogenous shifters); lagged hardware costs

and wages provide exogenous cost variation; the time trend captures aggregate technological

change. See Appendix D for details on construction, validity, and relevance.

Identifying spillover parameters is challenging due to potential unobservable factors (e.g.,

county-level demand shocks) correlated with both a �rm's costs and rivals' experience, which

could bias spillover estimates upward. Given these challenges, I explore counterfactual ro-

bustness by simulating scenarios with lower spillovers in Section 6. Identi�cation of exit and

entry parameters follows Hotz and Miller (1993), who show choice-speci�c value function

di�erences are identi�ed from observed choice probabilities.

5 Model Results

I present the main model estimates in this section. I begin by presenting the �rst stage

estimates (Section 5.1) before turning to my estimates of the dynamic model primitives

(Section 5.2). I then discuss several robustness checks (Section 5.3).
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Table 1. Estimated Demand System Parameters

NL-1 RCNL-1 RCNL-2
(1) (2) (3)

Param Est SE Est SE Est SE

Price/Income � p � 8.513 1.063 � 7.718 1.187 � 14.69 3.661
Nesting Parameter � 0.636 0.026 0.632 0.033 0.630 0.071
Total Experience � 1 � 10.835 13.061
Solar Irradiance � 2 1.270 0.615
log(Income) � Constant � 0 2.917 0.816
log(Income) � Total Experience � 1 2.192 2.437
log(Income) � Solar Irradiance � 2 � 0.282 0.132

Firm, Year, CZ FE Yes Yes Yes
Income Distribution Yes Yes
Median Own Price Elast. -3:76 � 3.46 � 2.80
Median Outside Diversion 36.70% 37.06% 37.23%

Notes: Estimation follows the procedure outlined in Section 4.1. There are 10,247 observations at the
�rm-county-half-year level. The nested logit model NL-1 divides price by county-year-half mean income
whereas the random coe�cients nested logit models RCNL-1 and RCNL-2 use the full sample of incomes
drawn from the ACS PUMS to estimate price sensitivities and other income interaction terms. Total
Experience is a �rm's cumulative quantity of installations in a county and Solar Irradiance is a measure
of observed solar radiation in a given county-year. Standard errors are clustered at the county-level.

5.1 First Stage Estimates

Consumer Demand Table 1 presents parameter estimates and standard errors clustered

by county for the consumer demand system. Column (1) estimates a nested logit (NL)

model that removes individual-level heterogeneity in taste parameters. Columns (2) and

(3) correspond to di�erent versions of the full RCNL model outlined in Section 3.1. To

ensure comparability across models, I divide price by county-quarter mean income in the NL

speci�cation. All speci�cations include �rm, year, and commuting zone �xed e�ects.

The price coe�cients (� p) are precisely estimated with the expected sign across all spec-

i�cations. Median own-price elasticities range from -2.80 to -3.76 and are smaller when

including observable �rm attributes and income interactions. Market price elasticities are

substantially lower than own-price elasticities, indicating substitution primarily occurs across

installers rather than on the extensive margin. The nesting parameter (� ) is large and pre-

cisely estimated across all speci�cations. Diversion ratios imply that not installing is the

second-best choice for around 37% of consumers.

The coe�cients on observable �rm attributes are imprecisely estimated in the RCNL

model with income interactions. Higher income households appear to derive greater utility

from installers with more cumulative experience and from high solar irradiance areas, while

lower income households appear to derive lower utility from high solar irradiance. These
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results should be interpreted with caution. Given that I do not endogenize �rms' product

attribute decisions and given the desirable substitution patterns of the RCNL model, I use

column (2) estimates in the second stage and all counterfactual simulations. I plot the

distribution of own price elasticities of demand estimated using my preferred demand model

and compare these to estimated elasticities from the literature in Appendix Figure G3.12

To test the robustness of my assumption that a static demand model o�ers a reasonable

approximation to consumer behavior, I develop and estimate a dynamic demand model in

Appendix B. Estimates from this dynamic demand model are similar in magnitude|the

median elasticity is -2.07|and demonstrate a time pattern consistent with analogous static

estimates as shown in Figure B1.

Exit Policy Function and State Transitions As outlined in Section 4.1, I select can-

didate regressors for the logit regression of the discrete exit decision via LASSO. Of 242

candidate regressors, this process selects around 80 non-zero regressors with a deviance of

12.34%. As shown in Appendix Figure C2, �tted exit probabilities are larger for exiting

incumbents than continuing ones: 14.88% versus 7.72%.

I report AR(1) transition process estimates for aggregate state variables (demand state,

inclusive value, and county-quarter average price) in Appendix Table G1 and for �rm-level

state variables (quality, hardware cost, and �rm price) in Appendix Table G2. For each state

variable, I report speci�cations with and without county-speci�c intercepts. All estimated

transition processes are stationary.

5.2 Second Stage Estimates

Production and Exit Cost Estimates Table 2 reports results from joint estimation of

production and exit cost parameters. I allow for three distinct spillover models across rival

�rms, with corresponding estimates in each column.

The learning parameter,
 , is negative and precisely estimated across all speci�cations.

The learning exponent estimates in columns (1) through (3) imply a 1% increase in e�ective

experience decreases marginal installation costs by 0.21 to 0.36%. The \Spence coe�cient,"

which describes the proportional cost reduction from doubling e�ective experience (Spence,

1981), ranges from 0.134 to 0.223, implying meaningful learning-by-doing in installation-

speci�c costs. While more modest than manufacturing learning curves, these estimates are

12Overall, my elasticity estimates are similar in magnitude to those found elsewhere in the literature, which
range from -0.65 (Gillingham and Tsvetanov, 2019) to -6.6 De Groote and Verboven (2019) for analagous
(i.e., static) estimates. Most similar to my preferred estimates is Dorsey (2024), who estimates a mean own
price elasticity for installations of between -2.43 and -2.26.
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Table 2. Estimated Production and Exit Cost Parameters

(1) (2) (3) (4)

Param Est SE Est SE Est SE Est SE

Production Cost Parameters
Learning Exponent 
 � 0.363 0.150 � 0.207 0.176 � 0.243 0.130 � 0.267 0.135
Hardware Cost � � 0.654 0.050 � 0.234 0.131 � 0.471 0.087 � 0.579 0.105
Base Cost c0 0.643 0.256 0.610 0.207 0.496 0.233 0.576 0.235
Serial Correlation � 0.420 0.007 0.470 0.019 0.436 0.009 0.427 0.015

E�ective Experience Parameters
Rival Experience:

In-market � E
1 0.735 0.253 0.710 0.240 0.653 0.302

Same Manuf. � E
2 0.382 0.206 0.282 0.185 0.070 0.183

Forgetting Parameter � 1.048 0.377

Exit Parameter
Mean Scrap Value � � 49.698 3.062 48.431 2.792 49.745 2.231 52.296 2.354

Market, Firm, Time FE Yes Yes Yes Yes
Spence Coef. (1� 2
 ) 0.223 0.134 0.155 0.169

Notes: Estimation follows the procedure outlined in Section 4.2. There are 7,351 observations at the
installer-county-half-year level. I normalize experience variables by the industry total experience level in
the �rst half year of the sample (H1 2008). All e�ective experience parameters can be interpreted as marginal
experience contributions relative to a �rm's own experience. The \forgetting parameter," � , describes the
rate of learning depreciation from one period to another. The mean scrap value parameter is measured in
100,000 2013 USD. The \Spence Coe�cient" describes the proportional reduction in cost from a doubling
of e�ective experience. Standard errors are calculated using the Bayesian Bootstrap with bootstrap weights
clustered by county (Rubin, 1981). Bootstrap weights for each county are drawn according to a Dirichlet
distribution with � = 1 across 200 bootstrap samples.

consistent with a service-intensive process where learning occurs through improved coordi-

nation and permitting e�ciency.

I estimate nontrivial serial correlation in �rms' productivity shocks, � jmt . The serial

correlation parameter,� , ranges from 0.42 to 0.47 across columns (1) through (4). Though

moderate, these estimates suggest ignoring serial correlation would bias learning estimates.

Firms with serially correlated positive productivity shocks likely have greater experience

and relatively low marginal costs, which could be misattributed to learning-by-doing if not

properly modeled. All speci�cations account for serial correlation.

The rival experience parameters describe the marginal contribution of other �rms' cu-

mulative production to a �rm's e�ective experience. I estimate three parameterizations of

e�ective experience, each implying a distinct spillover model. Rival experience parameters

represent marginal contributions relative to own experience.

The �rst parameterization groups all rival experience together. Column (1) reports base-

line estimates: a 1 unit increase in in-market rival experience generates 74% of the learning

bene�ts from a 1 unit increase in own experience. Learning spillovers from rivals within the
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Figure 4. Estimated Marginal Costs and Learning Contributions

(a) Mean Marginal Costs (b) Cumulative Learning Contributions

Notes: Figure 4a compares the average non-hardware costs implied by the dynamic model estimates
reported in column (2) of Table 2 with comparable, publicly-available estimates from the National
Renewable Energy Laboratory, or NREL (Fu et al., 2016). The �gure also shows static non-hardware
costs implied by the model. Static non-hardware costs are calculated from the standard, static quantity-
setting �rst order condition using observed prices and estimated price elasticities. The shaded area shows
the 95% bootstrap con�dence interval for the dynamic model estimates. Figure 4b shows the cumulative
contribution of own and rivals' experience to marginal costs over time using estimates from column (2)
of Table 2. Cumulative experience-based cost reductions are calculated at the 10th, 50th, and 90th
percentiles of observed experience components in each period. Costs are in 2013 dollars per watt.

same geographic market are substantial, though somewhat smaller than individual learning.

To identify spillover mechanisms, I estimate two alternative parameterizations. The �rst

allows for di�erential spillovers based on whether �rms install modules from the same manu-

facturer, consistent with manufacturer-facilitated learning through training or module design

improvements. Column (2) reports estimates: rivals installing the same manufacturer's mod-

ules contribute 0.38 versus lower contributions from other manufacturers' modules, though

the di�erence is not statistically signi�cant. This provides suggestive but inconclusive evi-

dence for manufacturer-facilitated spillovers.

The second parameterization allows for di�erential spillovers based on both geographic

market and manufacturer. Column (3) shows in-market rivals contribute more to learning

(0.71) than same-manufacturer rivals (0.28). This is consistent with geographic proximity-

based spillovers driven by worker movement between �rms, visibility of rivals' practices, or

other local di�usion mechanisms.13 This parameterization is also consistent with regulator

13I explore this by estimating the relationship between PV installation-related employment, wages, and
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learning: �rms in the same county face similar permitting requirements and utility rebate

processes, so regulatory learning would show up as greater bene�ts from in-market rivals.14

While experience parameters describe marginal contributions, thetotal contribution de-

pends on both parameter estimates and empirical experience distributions. Figure 4 plots

average cumulative contributions to marginal installation costs over the full sample period.

Despite smaller marginal spillover e�ects relative to own experience, learning spillovers drive

the bulk of estimated cost reductions. The average reduction from own experience is modest,

while spillovers from rivals' experience (using column 2 estimates) generate more substan-

tial reductions. The distribution of experience levels means even smaller marginal spillover

e�ects have meaningful aggregate impacts on industry-wide cost reductions.

I estimate a version allowing experience-based cost reductions to depreciate over time.

\Forgetting" models are relevant in boom-bust settings like aircraft, shipbuilding, and oil

extraction (Benkard, 2000; Kellogg, 2011; Levitt et al., 2013; Thompson, 2007). While knowl-

edge depreciation is unlikely to be major in this persistent-growth setting, worker departures

could cause incomplete knowledge retention. I test this with a perpetual-inventory process

where �rm j 's experience in marketm in period t is ~E jmt = �
� ~E jmt � 1 + f (qmt � 1)

�
, wheref (�)

is the function that maps lagged quantities into e�ective experience.15 The parameter� de-

�nes knowledge retention. Column (4) shows minimal forgetting, with a quarterly retention

parameter of 1.05 (not statistically di�erent from 1.0), suggesting knowledge depreciation is

not signi�cant in California's persistent-growth solar installation industry.

The learning-by-doing magnitude implied by Table 2 estimates aligns with existing esti-

mates of installation-speci�c costs. Figure 4 compares average non-hardware costs implied

by column (2) estimates with comparable estimates from the National Renewable Energy

Laboratory (NREL). Fu et al. (2016) construct these from installation data, corporate �lings,

and engineering studies. I report the sum of their installation labor, permitting, inspection,

and installation costs per watt.16 My model estimates match both the magnitude and rate

of learning implied by Fu et al. (2016)'s estimates within my estimation sample period.

Figure 4 also shows average marginal non-hardware costs assuming �rms are completely

installations within a county using data from the Quarterly Census of Employment and Wages. Figure
G4 shows strong, positive relationships between employment/wages and installations, suggesting worker
movement in the PV installation labor pool.

14I explore this using CSI rebate processing times across IOUs. Figure G5 shows suggestive evidence that
IOU rebate processing times decreased over the sample period, which would reduce installation-speci�c costs.
Figure G6 shows permitting times also decreased in San Diego County.

15This functional form assumes incomplete retention of prior production knowledge, consistent with for-
getting driven by worker turnover.

16Fu et al. (2016) also include installer overhead and net pro�t in soft costs. I exclude these as markups
are not components of installation-speci�c costs and overhead includes �xed operating costs not relevant to
my estimates.
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static in quantity-setting. I calculate these from the static �rst-order condition using ob-

served prices, hardware costs, and estimated price elasticities. Since I only estimate demand

in-sample, I cannot estimate static costs out-of-sample as I can with the dynamic model using

observed experience levels. While my dynamic model matches Fu et al. (2016)'s estimates,

static estimates are substantially larger than both dynamic estimates and the NREL bench-

mark. This emphasizes the importance of accounting for learning-by-doing and dynamic

incentives: without these, I would overestimate non-hardware costs.

The remaining parameters are precisely estimated and consistent across speci�cations.

The mean scrap value,� � , is $4.8{5.2 million. The hardware cost pass-through parameter,� ,

ranges from -0.23 to -0.65, suggesting incomplete pass-through. I normalize experience terms

by total industry experience in H1 2008 for readability and numerical stability. The base cost

parameter, c0, ranges from$0.50 to $0.64 per watt, interpretable as marginal installation

cost when �rm e�ective experience equals industry total experience in H1 2008.

Entry Cost Estimate Table 3 reports mean entry cost estimates using di�erent data-

driven approaches to de�ning potential entrants in each market. I assume the number of

potential entrants is one or two times the median, mean, or maximum observed entrants per

market over the sample period. This data-driven approach is common, with most studies

using multiples of the maximum observed entrants (Barwick and Pathak, 2015; Barwick et al.,

2025; Seim, 2006). Unsurprisingly, estimated entry costs increase with the pool of potential

entrants, ranging from $18.0 to $44.7 million (in units of $100,000). While large relative

to mean scrap values, these are unconditional mean entry costs. Conditional on entering,

average entry costs range from$5.7 to $6.2 million, somewhat larger than but broadly

consistent with existing estimates and available information on publicly-traded installers.17

5.3 Robustness

I explore robustness of my main estimates in several ways. First, I test sensitivity to alter-

native quarterly discount factors,� . My main estimates assume a quarterly discount factor

corresponding to an annual discount factor of 0.875, equal to Gerarden (2022)'s for PV man-

ufacturers and similar to De Groote and Verboven (2019)'s for PV-adopting households. I

re-estimate using annual discount factors of 0.9 and 0.8, both found in the literature (Igami,

17Feldman et al. (2013) estimate upfront costs for developing, constructing, and arranging third-party-
�nanced residential PV systems, �nding �xed business expenses of$600,000/year for a representative �rm
in 2012, or roughly $5 million in perpetuity assuming an annual discount factor of 87.5%. SolarCity Corp.
had a market capitalization of $5.6 billion at end of 2013 Q4, having installed roughly 75 MW of residential
capacity that year. Scaling by average annual installed capacity in my data (0.35 MW) yields roughly$2
million valuation for county-level operations of an average �rm.
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Table 3. Estimated Entry Cost Parameter

Parameter (1) (2) (3) (4)

Mean Entry Cost � ! 179.770 186.381 185.970 446.580
(5.921) (3.395) (17.926) (35.445)

Potential Entrant Def. 2 � median( �Nmt ) 2� mean( �Nmt ) 1� max( �Nmt ) 2� max( �Nmt )
N 3,179 3,250 3,216 6,432
N e 260 268 268 536
�! jmt jentry 57.457 57.731 57.715 62.127

Notes: Estimation follows the procedure outlined in Section 4.2. The entry cost parameter is measured
in 100,000 2013 USD. Each column corresponds to a di�erent approach to de�ning the market-speci�c,
time-invariant number of potential entrants based on observed quantities of entrants, �Nmt : column (1) uses
twice the median of �Nmt , column (2) uses twice the mean of�Nmt , column (3) uses the maximum observed
value of �Nmt , and column (4) uses twice the maximum of �Nmt . N is the total number of observations used
in estimation and N e is the number of potential entrants per year across all counties based on the assumed
potential entrant de�nition. � ! jmt jentry is the mean entry cost conditional on a �rm choosing to enter.
Bootstrapped standard errors clustered by county using 200 replications are reported in parentheses.

2017; Ryan, 2012). The latter also serves as a proxy for dynamic regulatory environments,

rendering future payo�s less relevant for current decisions, testing my assumption that �rms

perceive policy changes as permanent.

Table G3 reports estimates using alternative discount factors alongside baseline estimates.

Results are qualitatively consistent, though implied costs increase with the discount factor.18

This is consistent with the model: higher discount factors imply higher expected values

from future operations, requiring higher cost estimates to rationalize observed patterns.

Qualitative consistency suggests assuming stationary policy beliefs is reasonable.

Given that I de�ne experience as cumulative production, some estimated learning may

re
ect static scale economies. Separately identifying learning-by-doing and scale economies

is challenging in learning curve estimation. I test sensitivity by estimating a version with

a static, contemporaneous �rm size measure as a state variable in the value function ap-

proximation. Table G4 compares estimates with and without �rm size, �nding qualitatively

consistent results. Similar to Benkard (2000), estimated learning rates increase slightly when

including scale.

6 Counterfactual Analysis

Having recovered estimates of the main model parameters, I can simulate market out-

comes under counterfactual policy environments, which requires a method for solving for the

18Mean scrap value and base cost parameters increase with� as these are positively related to �rm costs.
E�ective experience and learning exponent parameters decrease: for given experience levels, lower parameter
values imply higher costs.
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model's equilibrium. I begin this section by describing my approach to solving the model

(Section 6.1). I then compare the �t of model-predicted outcomes under the baseline policy

environment with observed data (Section 6.2). I next quantify the importance of learning-

by-doing in determining equilibrium market structure, prices, and quantities (Section 6.3).

Finally, I discuss results from three sets of counterfactual policy scenarios that interact with

learning economies in di�erent ways: consumer subsidies that stimulate demand and thus

learning indirectly (Section 6.4), supply-side entry subsidies that reduce barriers to �rm

entry (Section 6.5), and alternative climate policies including a carbon tax (Section 6.6).

Results from these counterfactual simulations provide three main �ndings. First, learning-

by-doing plays a central role in shaping market outcomes: removing installer learning economies

while maintaining baseline subsidies reduces cumulative installations by 10%, increases equi-

librium prices throughout the sample period, and substantially reduces the number of active

�rms. Second, I �nd that the CSI contributed to growth in the installation industry through

its interaction with learning dynamics: the CSI increases the number of solar PV installa-

tions by 4% and increases the number of operating installers by roughly 9% relative to a

world with no CSI. The CSI's decreasing rebate structure|which exploits learning-driven

cost reductions|produces higher welfare than alternative rebate designs that do not account

for learning economies. Third, I �nd that supply-side entry subsidies can more e�ectively

leverage learning economies than consumer subsidies: replacing the CSI with entry subsi-

dies of varying sizes results in substantially more installations and �rm entry by directly

stimulating competition and production, though at signi�cant �scal cost.

6.1 Counterfactual Solution Method

My approach to solve for the model's equilibrium builds on Sweeting (2013), adapting para-

metric policy iteration (Benitez-Silva et al., 2000) to allow for value function approximation.

Appendix F provides detailed implementation. Solving the model involves two steps: �rst,

solving for the new Bellman equation, policy functions, and product market equilibrium in a

period; second, simulating the industry forward one period. I initiate this procedure at the

observed data in the �rst half-year of 2008 and iterate through the last half-year of 2013.

I implement the �rst step via a �xed point algorithm that produces conditional exit

probabilities and value function approximating coe�cients, from which I calculate condi-

tional entry probabilities. The second step draws from these probabilities to implement

discrete exit and entry decisions, then draws from estimated state transition processes for

the next period's states.

This process yields a single industry path. Since I take single draws from conditional prob-

abilities and state transitions each period, I repeat this process 60 times for each counterfac-
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Figure 5. Baseline Model Fit

(a) Average Price ($/W) (b) Cumulative Quantity (MW)

(c) Exit Probability (d) Entry Probability

Notes: This �gure shows equilibrium prices, cumulative quantities, exit probabilities, and entry prob-
abilities, comparing model-implied values to observed data at the industry-level from 2008 to 2013.
Model-implied values are averaged across 60 distinct, forward-simulated industry paths with baseline
policies in place. Prices are in 2013 dollars per watt and cumulative quantities are in megawatts.

tual scenario and average outcomes across all runs. The model generates policy-relevant out-

comes including quantities, prices, marginal costs, entry, and exit, allowing me to calculate

�rms' pro�ts and consumer surplus. I calculate changes in environmental damages by com-

bining model-predicted quantities with geographically-di�erentiated estimates of marginal

environmental bene�ts from Sexton et al. (2021). See Appendix F for details.

6.2 Model Fit under Baseline Policies

Before turning to counterfactual simulations, I verify the model �ts observed data under

baseline policies. Figure 5 shows the model accurately matches prices (declining from$8 to

$5 per watt), cumulative installed capacity, and exit probabilities. Entry is matched well

overall, though slightly under-predicted early and over-predicted late in the sample.

29



6.3 The Role of Learning-by-doing

To quantify the importance of learning-by-doing, I simulate industry equilibrium removing

installer learning economies while maintaining baseline subsidies. This isolates the role of

experience-driven cost reductions in determining prices, quantities, and market structure.

Figure 6 shows learning-by-doing plays a substantial role in market outcomes. Without

installer learning, cumulative installed capacity is signi�cantly lower throughout the sample

period. By 2013, the gap between learning and no-learning scenarios is around 48 MW|

10% of total installed base with learning|indicating experience-driven cost reductions are

critical for market expansion.

The middle panel reveals the mechanism: equilibrium prices are consistently higher with-

out learning-by-doing. While prices decline in both scenarios due to falling hardware costs,

the relative price premium in the no-learning scenario remains high and grows slightly over

time. Though the absolute di�erence narrows as both prices fall, the percentage di�erence

increases, indicating learning economies become more important as the industry matures.

This persistent and growing relative price premium dampens demand and limits adoption.

Market structure also di�ers substantially. The right panel shows the number of active �rms

is consistently lower without learning-by-doing, with the gap growing over time. This re
ects

two mechanisms. First, without learning economies, returns to production are purely static,

reducing �rms' incentives to enter and expand output. Second, lower overall market size

supports fewer �rms in equilibrium.

The welfare implications are large. Total welfare in the no-learning scenario is$49 million

lower than baseline, driven primarily by$287 million in lost consumer surplus,$263 million

in lost product market pro�ts, and $20 million in reduced environmental bene�ts. These

losses are partly o�set by lower subsidy outlays, lower entry costs, and greater scrap values.

These results demonstrate that learning-by-doing generates substantial bene�ts for con-

sumers and the industry. Cost reductions from accumulated experience enable lower prices

that expand the market while simultaneously supporting entry and growth in active �rms.

This highlights the central role learning economies play in the solar installation industry and

motivates analyzing how di�erent policies interact with these learning dynamics.

6.4 Demand Subsidy Counterfactuals

Having established the importance of learning-by-doing, I now examine how consumer sub-

sidies interact with learning dynamics. Consumer subsidies like the CSI stimulate demand

directly, inducing learning-by-doing indirectly through increased production. The CSI's de-

clining rebate structure may exploit learning-driven cost reductions, making the temporal
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Figure 6. Equilibrium with and without Learning-by-doing

(a) Total Quantities (MW) (b) Prices ($/W) (c) Active Firms

Notes: This �gure shows equilibrium cumulative quantities, prices, and total incumbent �rms with and
without installer learning-by-doing with baseline subsidy policies in place. The baseline subsidy policies
correspond to those outlined in Section 1.2: full California Solar Initiative (CSI) subsidies, 30% federal
investment tax credit (ITC), and net-metering. Each counterfactual removes the CSI subsidies and
replaces them with the indicated demand subsidy. Model-implied values are averaged across 60 distinct,
forward-simulated industry paths with baseline policies in place. Prices are in 2013 dollars per watt and
cumulative quantities are in megawatts.

structure of subsidies potentially important for welfare.

I simulate industry equilibrium under three demand subsidy counterfactuals: complete

removal of the CSI, a 
at rebate equal to the quantity-weighted average CSI rebate, and

an increasing rebate schedule that inverts the baseline CSI's declining steps. All scenarios

maintain the federal ITC and net metering while varying only the state-level CSI design.

Figure 7 shows removing the CSI substantially reduces market outcomes across all di-

mensions. By 2013, cumulative installed capacity falls by 42 MW (approximately 8%) while

active �rms decline by as much as 4% at peak relative to baseline. The middle panel re-

veals the mechanism: equilibrium prices rise throughout the period without CSI subsidies,

dampening demand and limiting industry growth. This price increase re
ects both the direct

e�ect of removing consumer rebates and the indirect e�ect of reduced learning-by-doing from

lower cumulative production.

The alternative CSI designs yield more nuanced results. The 
at rebate produces out-

comes similar to the baseline declining rebate, with only modest di�erences in quantities,

prices, and market structure, suggesting the temporal structure of rebates matters less than

their overall generosity. The increasing rebate schedule, motivated by Langer and Lemoine

(2022)'s �nding that rising subsidies enable optimal price discrimination, performs worse

than both baseline and 
at rebate designs. This indicates that with learning-by-doing,

capturing cost reductions through declining subsidies may be more important than price

discrimination bene�ts.
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