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If ML algorithms ignore this strategic behavior, 

they risk making policy decisions that are 

incompatible with the original policy’s goal.

Problem
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Lots of Recent, Exciting Work
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Similar Problem, Different Fields
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● School’s admission rule: admit anyone who has more than 100 books in their house.  
● Students with (say) 90 and more books can “easily” buy (but need not read!) 10 more and 

get admitted.  

   → defeats the purpose of having the # books as a measure of qualifications

Similar Problem, Different Fields
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● Action: strategically change features

individual

● Who? School/College 

● Goal: admit most qualified candidates 

● Action: linear classification

institution
Assumption: Learner knows cost function . 

1. Nature draws agent’s features (e.g., SAT score, class 

ranking, …)  from distribution  

2. Learner commits to classifier . 

3. Agent observes the classifier  and the . 

4. Agent reports to learner feature vector  .  

5. Learner observes label  

6. Learner gets utility: 

𝑐(𝑥, 𝑦)

𝑥 ∈ 𝒳 𝒟 .

𝛼 ∈ 𝒜 :𝒳 → { − 1,  + 1}

 𝛼 𝑥

Δ(𝑥) ( ≠ 𝑥)

y

Pr
x∼𝒟

[y = α(Δ(x))]

[Hardt, Megiddo, Papadimitriou, Wooters, ITCS16]

Strategic Classification Offline Model



Δ(𝑥) = argmax
z∈𝒳

𝔼𝑥[𝛼(z) − 𝑐(𝑥,  z)]
value for passing 

classifier
manipulation cost

[Hardt, Megiddo, Papadimitriou, Wooters, ITCS16]

 ”separable”, i.e.,  
	
𝑐(𝑥, z):

𝑐(𝑥, z) = max {0, 𝑐2(z) − 𝑐1(𝑥)}

Strategic Classification Offline Model

Goal: Compute Stackelberg Equilibrium  
 α⋆ = arg max

f∈ℋ
Pr

x∼𝒟
[y = f(Δ(x))]

Assumption: Learner knows cost function . 

1. Nature draws agent’s features (e.g., SAT score, class 

ranking, …)  from distribution  

2. Learner commits to classifier . 

3. Agent observes the classifier  and the . 

4. Agent reports to learner feature vector  .  

5. Learner observes label  

6. Learner gets utility: 

𝑐(𝑥, 𝑦)

𝑥 ∈ 𝒳 𝒟 .

𝛼 ∈ 𝒜 :𝒳 → { − 1,  + 1}

 𝛼 𝑥

Δ(𝑥) ( ≠ 𝑥)

y

Pr
x∼𝒟

[y = α(Δ(x))]

Algorithm that learns  with polynomial 
time and sample complexity.

α⋆

Main Result
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For round  
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2. Learner picks classification rule . 
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, where . 
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6. Learner incurs binary classification loss: 

𝑡 ∈ [𝑇 ]:  
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𝛼𝑡 ∈ 𝒜 ⊆ [−1,1]𝑑+1

 𝛼𝑡

(𝑥𝑡, 𝑦𝑡) 𝑦𝑡 ∈ { − 1, 1}

̂x(at) ( ≠ 𝑥𝑡)

𝑦𝑡

ℓ(αt, ̂xt(αt)) = 1{yt ≠ PredictedLabel( ̂xt(αt), αt)}
ℛ(T ) = ∑

t∈[T ]

ℓ(αt, ̂xt(αt)) − min
α⋆∈𝒜 ∑

t∈[T ]
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Goal: Minimize Stackelberg Regret
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Strategic Classification Online Model [Ahmadi, Beyhaghi, Blum, Naggita, EC21]
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̂xt(αt) = arg max
x′￼

⟨αt, x′￼⟩ − cost(x, x′￼)

Myopically Rational Agents

convex cost
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[Chen, P., Liu, NeurIPS20]

Agents can only misreport in ball of 
radius  (known) around  (unknown).𝛿 𝑥𝑡

-Bounded Myopically Rational Agents𝛿

𝑥𝑡

̂xt(αt)

+1

𝛼𝑡

𝛿
−1
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Value func = binary, cost func = L1 / L2

𝑥𝑡
̂xt(αt)

+1

𝛼𝑡

𝛿
−1

[Ahmadi, Beyhaghi, Blum, Naggita, EC21]

Myopically Rational Agents



Main Results

Value func: linear & cost func: convex + positive homogenous  
 bandit convex opt  ℛ(T ) = O( dT3/4)

[Dong, Roth, Schutzman, Waggoner, Wu, EC18]  

If data are linearly separable with margin :  

L2: 

𝛾

ℛ(T ) = O ( (1 + ManipulationPower)2

γ2 )

[Ahmadi, Beyhaghi, Blum, Naggita, EC21]  

 ,ℛ(T ) = O ( T log2(T ⋅ F(δ))
[Chen, Liu, P., NeurIPS20]  

where : function that depends on  terms𝐹(𝛿) (δ, {xt}t)
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Reality: Highly Heterogeneous!

−1 𝑥

𝛼𝑡

features of 
subpopulation 1

features of 
subpopulation 2

𝛿1

 manipulation power of subpop 1 
 manipulation power of subpop 2

𝛿1:
𝛿2:

+1

Learner’s Stackelberg 
Equilibrium classifier 

Assumption: Both groups include 
qualified and non-qualified individuals.

𝑦

[Hu, Immorlica, Vaughan, FAT*19] 
[Milli, Miller, Dragan, Hardt, FAT*19]

Implication: Qualified folks from subpop 2 
are never able to get a positive 
classification from equilibrium classifier.



Reality: Highly Heterogeneous!

Summary
                                                                               

                                                                            

                                

                                                                         

[Hu, Immorlica, Vaughan, FAT*19] 
[Milli, Miller, Dragan, Hardt, FAT*19]

Summary
1) Strategic classification disproportionately affects disadvantaged population. 

2) There are cases where subsidies make both subpopulations worse off, while 

making the learner better off.  

3) Insights hold for cases where classification rule is revealed to agents.



The Causality / Improvement Perspective



source: https://www.lexingtonlaw.com/credit/how-to-build-credit

Is It All Just Gaming?



source: https://www.lexingtonlaw.com/credit/how-to-build-credit

ability to pay back 
future loans

Is It All Just Gaming?
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Gaming vs Improvement



before strategic response

after strategic response

Gaming

Improvement

Is the 
“transparency” 
assumption realistic?

no cost to 
transparency

Causation or Just Correlation?



Strategic Learning Revisited

[Bechavod, P., Wu, Ziani, ICML22]
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Question

If learner maximizes social welfare of total population, how does information 
discrepancy affect the subpopulations’ ability to improve? 

Results
1) In general, disadvantaged subpopulation may end up being strictly worse 

off (i.e., NO improvement). 

2) Subpopulation-optimal outcome is achievable if information for two 

subpopulations is independent!  

[Bechavod, P., Wu, Ziani, ICML22]
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Performative Prediction

1) When does repeated retraining lead to stable rules? [Perdomo, Zrnic, Mendler-Dünner, Hardt, 
ICML20] 

2) Stoch optimization techniques to identify stable solutions: [Mendler-Dünner, Perdomo, Zrnic, Hardt, 
NeurIPS20]   

3) Conditions for having a convex optimization problem when searching for performatively optimal 
rules. [Miller, Perdomo, Zrnic, NeurIPS20] 

4) Regret minimization techniques that draw inspiration from zooming to learn adaptively better than 
standard Lipschitz bandits. [Jagadeesan, Tijana Zrnic, and Celestine Mendler-Dünner, ICML22]

Main Results



Thank You! 


