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n

2
− θ ān) +

ān

2

‣ even if we replace  with   agents' behavior does not changeui vn

strategic interaction ( ) is 
described by the limit potential: 

    

n → ∞

vn(a, θ)
n

n→∞ ā2
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n

2
− θ ān) +

ān

2

ui vn

Example

13

State θ

• common prior π ∈ Δ(finite Θ)

Agents i = 1, 2,…, n

• action  ai = 1 or 0

• payoff    ui(a, θ) = {ān − θ if ai = 1
0 if ai = 0

• potential    vn(a, θ) = n( ā2
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max

Pi

𝔼   

= λ ×

14more

Rational Inattention  Sims ’03  Matějka—McKay ’15  Caplin–Dean–Leahy ’21  Denti ‘23

actions 
a1, …, an

state 
θ

average action 
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max

Pi

𝔼[ui(ai, a−i, θ)] − info cost

Entropy cost

info cost    unit cost     uncertainty reduction in terms of entropy= λ ×

actions 
a1, …, an

state 
θ

average action 
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Large Deviations Theory 
• how fast large deviations prob. decay 
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       far from 
𝖾𝗑𝗉[ n F(x, q*, θ)]

𝖾𝗑𝗉[ n F(x*(θ), q*, θ)]
→ 0 ∀ x x*(θ)

Varadhan’s lemma 

  𝖯𝗋      → 1

     x*(θ)x*(θ)
more
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As #agents ,  the equilibrium is as if a representative agent were solving 

• the KLD-regularized potential 

     

‣   by defi

• the expected limit potential — entropy costs 

      

n → ∞

x*(θ) ∈ arg max
x

F(x, q*, θ)
q* = limn q*n

(x*, q*) ∈ arg max
x,q ∑

θ

π(θ) f (x(θ), θ) − entropy costs
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As #agents ,  the equilibrium is such that 

• for any closed  with  

                exponentially fast 

• endogenous volatility vanishes 

        

n → ∞

C = [c, c] c < c

x*(θ) ∉ C ⟹ lim
n→∞

𝖯𝗋      

lim
n→∞

Var(ān ∣ θ) = lim
n→∞

Cov(ai, aj ∣ θ) = 0
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As #agents ,  the equilibrium is such that 

correlated information    independent information 

• correlated information 

‣ an exogenous state  and an endogenous average  

• independent information 

‣ an exogenous state 

n → ∞

→

θ ān

θ

27

Correlated Information vs Independent Information



As #agents ,  we cannot use the Law of Large Numbers 

• correlation in finite-agent models 

          

Infinite-agent model with a continuum Law of Large Numbers (e.g., Hébert—La’O ’23) 

• “ ” equilibria    “ ” equilibria

n → ∞

P*n (a ∣ θ) ∝ 𝖾𝗑𝗉[vn(a, θ)]
n

∏
i=1

q*n (ai)

n=∞ ≠ n→∞

28

Why Not Law of Large Numbers?

more



Model 

• all agents have a finite action space  

•  potential  depends on a state  and an empirical action distribution  

•  limit potential  

Equilibrium 

• representative agent’s problem: 

expected limit potential — entropy costs 

• endogenous volatility vanishes

A

∃ vn θ (a)

∃ f ≡ lim
n→∞

vn

n

29

Takeaway

beauty contests, bank runs, political revolution, voting, etc.

large deviations



Appendix
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Entropy

31back

Entropy  is a measure of uncertainty of a random variable : ℍ(X) X
ℍ(X) = − ∑x 𝖯𝗋(x) 𝗅𝗈𝗀(𝖯𝗋(x))
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Entropy  is a measure of uncertainty of a random variable : ℍ(X) X
ℍ(X) = − ∑x 𝖯𝗋(x) 𝗅𝗈𝗀(𝖯𝗋(x))

prior entropy 
ℍ(ā−i, θ)

posterior entropy 
ℍ(ā−i, θ ∣ ai)

expected entropy reduction 
𝕀(ā−i, θ; ai) = ℍ(ā−i, θ) − 𝔼[ℍ(ā−i, θ ∣ ai)]



          

•  is the unconditional action distribution 

   

•  is a symmetric pure NE of an auxiliary game (Denti ’23) 

‣ each player chooses an action  and has a common payoff function: 

     

‣ e.g.    

P*n (a ∣ θ) ∝ 𝖾𝗑𝗉[vn(a, θ)]
n

∏
i=1

q*n (ai)

q*n

q*n (ai) = ∑
a−i, θ

P*n (ai, a−i, θ)

q*n
qi ∈ [0,1]

U(q1, …, qn) ≡ ∑
θ

π(θ) 𝗅𝗈𝗀 ∑
a

𝖾𝗑𝗉[vn(a, θ)]
n

∏
i=1

qi(ai)

q*n ∈ arg max
q

U(q, …, q)

32back

Unconditional Action Distribution



33

For any closed  with  

              exponentially fast 

The rate of convergence: 

     

For large  

     

C = [c, c] c < c

x*(θ) ∉ C ⟹ lim
n→∞

𝖯𝗋(ān ∈ C ∣ θ) = 0

lim
n→∞

1
n

𝗅𝗈𝗀 𝖯𝗋(ān ∈ C ∣ θ) = max
x ∈ C

F(x, q*, θ) − max
x ∈ [0,1]

F(x, q*, θ)

n

𝖯𝗋(ān ∈ C ∣ θ) ≈ 𝖾𝗑𝗉[ n(max
x ∈ C

F(x, q*, θ) − max
x ∈ [0,1]

F(x, q*, θ))]

back

Rate of Convergence



The family of probability measures  satisfies the Large Deviations Principle if 

     

• this function  gives the rate of convergence 

‣ KL divergence:  

Varadhan’s Lemma: 

         

{μn}n

μn(E) ≈ 𝖾𝗑𝗉[ − n inf
x∈E

I (x)]
I

I(x) = 𝖪𝖫(x ∥ q*)

∫ 𝖾𝗑𝗉[n ϕ(x)]μn(𝖽x) ≈ 𝖾𝗑𝗉[n sup
x

{ϕ(x) − I(x)}] ∀continuous and bounded ϕ
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Varadhan’s Lemma
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Example 

• state  with equally likely prior  

• agent  chooses action  

payoff     

“ ” equilibrium  “ ” equilibrium 

•      each agent acquires zero info 

•     each agent acquires some info

θ = ± 1 π(θ) = 1/2

i ai = ± 1

ui(a, θ) = {+1 if 𝗌𝗀𝗇(ān) = θ
−1 if 𝗌𝗀𝗇(ān) ≠ θ

n=∞ ≠ n→∞

n = ∞ ⟹

n → ∞ ⟹
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“ ” Model  vs  “ ” Modeln = ∞ n → ∞

back


