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Motivation and Question

• Vertical Mergers along the supply chain
• Efficiency: Centralizing decisions improves coordination (e.g., eliminating double marginalization)
• Harm: Integrated firms may disadvantage rivals by raising costs or denying access (foreclosure)

• Analysis is usually static, limiting the assessment of policy concerns about dynamic consequences

• In a dynamic setting (habit formation in demand) low prices today build future customer base

Efficiency

Double marginalization distorts investment
Firms moderate margins to mitigate it

Harm

Foreclosure effects become persistent
Affected firm moderates margins

Question: How do demand dynamics reshape the efficiency and harm of vertical integration?
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Contributions and Findings

• Contributions:

• Model and quantify how demand dynamics affect the impact of vertical integration
• Methodology: Adapt Reinforcement Learning methods to solve and estimate dynamic games

• Approach:

• Model: Dynamic downstream competition with multiple suppliers and habit formation in demand
• Estimation: Uses rich data from a US consumer goods industry with strong habit formation

• Findings: Dynamics magnify the adverse impact of vertical integration

• Separated firms lower margins to reduce double marginalization problem → Lower efficiency gains
• Integrated firms foreclose rivals to exacerbate their under-investment → Larger anti-competitive harm
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Related Literature
• Vertical Relations and Integration

• Theory: Efficiency vs. Harm (Spengler, 1950; Grossman and Hart, 1986; Rey and Tirole, 1986; Salop
and Scheffman, 1983; Krattenmaker and Salop, 1986; Hart and Tirole, 1990; Ordover et al., 1990; Salinger,
1988)
• Dynamic cases: (Asker and Bar-Isaac, 2014; Fumagalli and Motta, 2020; Sandiumenge-i-Boy, 2023)

• Empirical evidence: (Hastings and Gilbert, 2005; Ciliberto, 2006; Hortaçsu and Syverson, 2007; Houde,
2012; Lee, 2013; Atalay et al., 2014; Crawford et al., 2018; Luco and Marshall, 2020)

⇒ I quantify how dynamic considerations reshape the trade-off between efficiencies and harms

• Estimation of Dynamic Games
• Standard Methods: Exact solution or two-step estimation (Rust, 1987; Pakes, 1984; Hotz and Miller,

1993; Bajari et al., 2007; Aguirregabiria and Mira, 2007)
• Approximation Methods: State reduction or solution approximation (Weintraub et al., 2008; Ifrach

and Weintraub, 2017; Weintraub et al., 2010; Pakes and McGuire, 2001; a. Farias et al., 2012; Hu and
Yang, 2025)

⇒ I adapt Deep Reinforcement Learning methods to approximate Markov perfect equilibria in
high-dimensional dynamic games
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Outline

• Institutional Details and Data

• Structural Model of Vertical Relations and Dynamic Demand

• Solution Method

• Estimation and Estimates

• Counterfactual Results
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Institutional Details: a U.S. Consumer Goods Industry
• Firms

• Manufacturers: Brand owners with national presence, sell key input to regional firms
• Distributors: Finalize, price, and distribute products from multiple suppliers
• Assume local and small "Passive Retailers"

• Industry Features

• Contracts: Long-term linear prices with exclusive territories for downstream firms
• Dynamics: Driven by habit formation in demand (past choices affect current demand)

• Data Sources

• NielsenIQ Datasets (Kilts Center)
• Retail Data: Prices, shares, choice sets, characteristics
• Consumer Panel: Individual purchase history and characteristics

• Territory maps of the production network
• Cost shifters data from FRED St Louis, EIA, and USDA
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Setting

• Dynamics

• Discrete time
• Infinite horizon t ∈ {0, 1, . . .}

• Supply

• Three vertical structures, each with:
• Single-product manufacturers sell to one distributor
• Distributors carry 2 products
• Vertical relations exogenously given
• Constant marginal costs with downstream shocks
• Contracts: constant per-unit price, and perpetual
• State variable: lagged market shares xt
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Setting

� Demand

� Choice set: inside productsJ , non-strategic productsf �0; 0g, and outside option

� Indirect utility of (myopic) householdi for inside product j at time t:

uijt = � ij|{z}
Product Preference

� � i pjt| {z }
Price Sensitivity

+ 
 i 1f j 2 ~sit g
| {z }
Habit formation

+ " ijt|{z}
i.i.d. T1EV
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i.i.d. T1EV

� Habit formation: 
 i

� ~sit : product chosen last period
� Larger 
 ) higher repurchase probability

� Heterogeneity in preferences:

� Observed: Income and household size a�ectall parameters (�; �; 
 )

� Unobserved: Included inprice sensitivity � i (Log-normal distribution)
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Model: Setting

� Timing

� Preliminary stage: Upstream competition

� Upstream �rms simultaneously set constant marginsm

� In each period: Downstream competition

1 State x t is observed; retailers receive a per-product cost shock� jt

2 Retailers simultaneously set pricespt = ( pjt )6
j =1

3 DemandsD (pt ; x t ) and per-product payo�s � j (pt ; x t ; � jt ) are realized
4 State evolves:x t +1 = D (pt ; x t )

� Equilibrium Concept

� Upstream: Nash equilibrium in marginsm � , anticipating the induced downstream equilibrium

� Downstream: Markov perfect equilibria induced by any pro�le of upstream marginsm
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Downstream Competition

� Markov strategy of �rm d: � d(x ; � d; m )

� State: Lagged sharesx (Public) and cost shocks� d (Private)

� Fixed variable: Upstream marginsm (determined in preliminary stage)

� Recursive Formulation and Stationarity

� Markov: State encapsulates all relevant history and strategies depend only on current state

� In�nite Horizon: Future pro�ts depend only on current state and actions, not time
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Downstream Competition

� Value function of �rm d, given strategy pro�les of other �rms� , can be written recursively as

Vd(x ; � d ; m ; � ) = max
p d

E� � d ;� 0

"
X

j 2J d

� j (pd; � � d(x ; � � d ; m ); x ; � j ) + � V d(x 0; � 0
d ; m ; � )

#

� Flow Pro�t: � j =
h
pj � (cu + d

j + m j + � j )
i

� D j (p; x )

� Law of Motion: x 0 = D ( p; x )

� Dynamic Trade-o�: Pricing acts as aninvestment in consumer retention

� Lowering p reduces current pro�ts, but increases future loyal customer base
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Upstream Competition

� Problem: Choosem u to maximizeinduced expected Net Present Value:

max
f m j gj 2J u

E

2

6
4

1X

t =0

� t mj|{z}
Margin

� D j
�
� (x t ; � t ; m ); x t

�

| {z }
Induced Demand

�
�
�
�
�
�
�

x 0

3

7
5

� Trade-o�: High margins dampen distributors' competitiveness and incentive to invest

� Supply Parameters � S : Total marginal costscu+ d and shock volatility� �
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Solution Method: Deep Reinforcement LearningDetail

� The Computational Challenge

� Curse of dimensionality: Multidimensional and continuous state and actions prevent exact solution

� Endogenous dynamics: The state transition is anequilibrium object

� The Approach: Function Approximation + Simulation

� Approximation: Neural Networks replace the grid to represent Policy and Value functions

� Simulation: Agents learn by "playing" the game against each other (with experimentation)

(Avoids computing the expectation at each step by sampling transitions from the game environment)

� Algorithm: For each �rm, given rivals' strategies

� Learns the value of current strategies by minimizing Bellman error (Policy Evaluation)

� Updates pricing strategy to maximize the estimated value (Policy Improvement)

Màxim Sandiumenge-i-Boy 12 / 19



Solution Method: Deep Reinforcement LearningDetail

� The Computational Challenge

� Curse of dimensionality: Multidimensional and continuous state and actions prevent exact solution

� Endogenous dynamics: The state transition is anequilibrium object

� The Approach: Function Approximation + Simulation

� Approximation: Neural Networks replace the grid to represent Policy and Value functions

� Simulation: Agents learn by "playing" the game against each other (with experimentation)

(Avoids computing the expectation at each step by sampling transitions from the game environment)

� Algorithm: For each �rm, given rivals' strategies

� Learns the value of current strategies by minimizing Bellman error (Policy Evaluation)

� Updates pricing strategy to maximize the estimated value (Policy Improvement)

Màxim Sandiumenge-i-Boy 12 / 19



Solution Method: Deep Reinforcement LearningDetail

� The Computational Challenge

� Curse of dimensionality: Multidimensional and continuous state and actions prevent exact solution

� Endogenous dynamics: The state transition is anequilibrium object

� The Approach: Function Approximation + Simulation

� Approximation: Neural Networks replace the grid to represent Policy and Value functions

� Simulation: Agents learn by "playing" the game against each other (with experimentation)

(Avoids computing the expectation at each step by sampling transitions from the game environment)

� Algorithm: For each �rm, given rivals' strategies

� Learns the value of current strategies by minimizing Bellman error (Policy Evaluation)

� Updates pricing strategy to maximize the estimated value (Policy Improvement)

Màxim Sandiumenge-i-Boy 12 / 19



Estimation Demand-side Supply-side

� Demand-side parameters

� Control Function approach for endogenous pricesMore

� Second stage: Maximum Simulated Likelihood of purchase sequences

� Supply-side parameters

� Step 1: O�ine Computation Construct the mapping from parameters to equilibrium policies

� Given demand estimateŝ� D , train Networks over afeasible set of supply parameters

� Step 2: Estimation by Method of Simulated Moments

� Recover predicted prices using the trained neural networks:

p̂d (� S ) = � NN
d

�
x ; � d j cu + d + � NN (� S )

| {z }
Input Cost

; � �

�
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Estimated and Predicted CostsDemand Supply

(1) (2) (3)

Product

Marginal cost

(cu + d
j )

Input margin
(m j )

Total production
cost

(cu + d
j + m j )

1 0.087 0.202 0.289
2 0.085 0.205 0.290
3 0.140 0.200 0.340
4 0.157 0.182 0.339
5 0.035 0.244 0.278
6 0.062 0.212 0.274
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Impact of intertemporal linkages on downstream policies

Downstream Firm 1: E�orts to retain consumers intensify downstream competition
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Impact of intertemporal linkages on upstream policies

Upstream �rms try to mitigate the dynamic coordination problem by decreasing margins
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Counterfactuals - E�ciency

� Opposing Forces:

� Exacerbated double marginalization problem:
Under-investment degrades future competitiveness

� Discipline: Firms lower margins to mitigate it

� E�ciency Metric:

� Ratio of Separation/Coordinated pro�ts:

� j =
� V S

Uj
+ � V S

D j

� �
j

� Lower � = ) Severe Coordination Problem
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Counterfactuals - E�ciency

� Opposing Forces:

� Exacerbated double marginalization problem:
Under-investment degrades future competitiveness

� Discipline: Firms lower margins to mitigate it

� E�ciency Metric:

� Ratio of Separation/Coordinated pro�ts:

� j =
� V S

Uj
+ � V S

D j

� �
j

� Lower � = ) Severe Coordination Problem Discipline dominates:
E�ciency improves (80% ! 86%)
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Counterfactuals - Vertical Integration and ForeclosureMore

1. E�ciency Channel

� Force: Dynamics already discipline pre-merger margins

� Implication: There is less double marginalization to
eliminate upon integration

2. Foreclosure Channel

� Force: Additional incentive to magnify the coordination
problem of the rival

� Implication: Integrated �rm steers consumers to own
product
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Counterfactuals - Vertical Integration and ForeclosureMore

1. E�ciency Channel

� Force: Dynamics already discipline pre-merger margins

� Implication: There is less double marginalization to
eliminate upon integration

� ) Smaller price reductions for integrated products

2. Foreclosure Channel

� Force: Additional incentive to magnify the coordination
problem of the rival

� Implication: Integrated �rm steers consumers to own
product

� ) Stronger customer foreclosure
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Counterfactuals - Vertical Integration and ForeclosureMore

1. E�ciency Channel

� Force: Dynamics already discipline pre-merger margins

� Implication: There is less double marginalization to
eliminate upon integration

2. Foreclosure Channel

� Force: Additional incentive to magnify the coordination
problem of the rival

� Implication: Integrated �rm steers consumers to own
product

% Price Change Static Dynamic

(� = 0 ) ( � = 1 )

Integrated Prod.

(E�ciency) -38% -34%

Rival Product

(Foreclosure) -1% 6%

(Average e�ects across all single-integration cases)
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Conclusion

� Question: How do demand dynamics reshape the e�ciency and harm of vertical integration?

� Methodology: Adapt Reinforcement Learning methods to approximate Markov perfect equilibrium

� Key Insight: Dynamics magnify the penalty of a competitive disadvantage

� Pre-merger: Firms moderate margins to invest in consumer retention! Reduces e�ciency gains

� Post-merger: Foreclosure causes persistent damage! Ampli�es anti-competitive harm

� Quantitative Impact: Compared to static analysis

� E�ciency gains from integration shrink (by up to � 30%)

� Foreclosure of non-integrated products is more severe

� Policy Implication: Static frameworks mayoverestimate e�ciencies and underestimate harm in
industries with dynamic considerations
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Thank you!

Màxim Sandiumenge-i-Boy
Toulouse School of Economics
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Appendix



Value Function Update (training step 1)Back

Known: f �; � c ; � nn g; f �
� � j

� j ; � D g

States: x � (s; � S ; � ) and � j

1 Initialize network parameters (� j ; � j )
2 Sample x and draw �
3 Select action with noise

4 pj  � � j

j (x ; � j ) + N (0; � nn )
5 Store the one-period pro�t

6 r j  � j (x ; � j ; pj ; �
� � j

� j )

7 Update state transition

8 s0  D (pj ; �
� � j

� j ; s; � D )

9 � 0
j  draw from distribution

10 x 0  (s0; � S ; � )
11 Update target

12 y  r j + � Q � j

j (x 0; � 0
j ; � � j

j )
13 Minimize loss (SGD)

14 L (� j ) = ( Q � j

j (x ; � j ; pj ) � y)2

15 � j  � j � � c r � j L (� j )
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