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Thank you for having me.  Today I will talk about the interaction between AI and society.  This is a rather ambitious title, but I will try to illustrate that in later.

What the goal of ML

Have thought very careful about them.  Repeat them. More strategic and ML  Apply ML to strategy 

Empowerment promise theoretical economics using theory.   Analyze it.  

Taking ML seriously





Prediction is part of a broader system
• When predictions support decisions, we fundamentally 

change the distribution of future data. [JZMH20]

Machine Learning Algorithm

Decision

Society/agents

Data

Perdomo, Juan, et al. "Performative prediction." ICML 2020. 2
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Performative predictions are everywhere

Traffic prediction Credit score wildlife poaching predictions
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Finally, park manager may use AI to predict the location of poaching, and send ranger to protect those area.  However, the presence of ranger will make the chance of poaching lower than the initial prediction. 



Performative prediction

Supervised learning

• Data 𝑥𝑥,𝑦𝑦 ∈ 𝒳𝒳 × 𝒴𝒴 sampled from a 
fixed distribution 𝒟𝒟

• Expected loss of a model 𝑓𝑓𝜗𝜗with 𝜗𝜗 ∈ Θ
ℓ 𝜗𝜗;𝒟𝒟 ≔ 𝔼𝔼(𝑥𝑥,𝑦𝑦)∼𝒟𝒟[ℓ 𝑓𝑓𝜗𝜗 𝑥𝑥 ,𝑦𝑦 ]

Performative prediction

• Given 𝜃𝜃 ∈ Θ, data 𝑥𝑥,𝑦𝑦 is sampled 
from a distribution map 𝒟𝒟 𝜃𝜃

~𝒟𝒟 𝑓𝑓𝜗𝜗

~𝒟𝒟(𝜃𝜃)
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\theta_t and \theta_{t+1}

Way to compute credit score  bank 

Go through bank examples.  Credit score People behave under different credit score computation



Performative prediction

Supervised learning

• Data 𝑥𝑥,𝑦𝑦 ∈ 𝒳𝒳 × 𝒴𝒴 sampled from a 
fixed distribution 𝒟𝒟

• Expected loss of a model 𝑓𝑓𝜗𝜗with 𝜗𝜗 ∈ Θ
ℓ 𝜗𝜗;𝒟𝒟 ≔ 𝔼𝔼(𝑥𝑥,𝑦𝑦)∼𝒟𝒟[ℓ 𝑓𝑓𝜗𝜗 𝑥𝑥 ,𝑦𝑦 ]

Performative prediction

• Given 𝜃𝜃 ∈ Θ, data 𝑥𝑥,𝑦𝑦 is sampled 
from a distribution map 𝒟𝒟 𝜃𝜃

• Expected loss of a predictive model 
𝜗𝜗 ∈ Θ on deployed model 𝜃𝜃 ∈ Θ
ℓ 𝜗𝜗;𝒟𝒟 𝜃𝜃 : = 𝔼𝔼 𝑥𝑥,𝑦𝑦 ∼𝒟𝒟 𝜃𝜃 [ℓ 𝑓𝑓𝜗𝜗 𝑥𝑥 ,𝑦𝑦 ]

~𝒟𝒟 𝑓𝑓𝜗𝜗

~𝒟𝒟(𝜃𝜃) 𝑓𝑓𝜗𝜗
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Dynamics of learning
Since the distribution map 𝒟𝒟 ⋅ is unknown, the learning agent 
may iteratively access samples of𝒟𝒟 𝜃𝜃𝑡𝑡

Learning agent

Society

Data ~𝒟𝒟(𝜃𝜃𝑡𝑡)
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Dynamics of learning
• The learning agent iteratively access samples of𝒟𝒟 𝜃𝜃𝑡𝑡 and 

improve the model to 𝜃𝜃𝑡𝑡+1

• Fixed point: the model is optimal for distribution that it 
induces => performative stable point 𝜃𝜃∗

ℓ 𝜃𝜃∗;𝒟𝒟 𝜃𝜃∗ = min
𝜃𝜃
ℓ 𝜃𝜃;𝒟𝒟 𝜃𝜃∗

Decision 𝑓𝑓𝜃𝜃Data ~𝒟𝒟(𝜃𝜃∗)
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Dynamics retraining processing

Pause

Make sure people understand



Multi-agent performative prediction
• Multiple predictive agents making decisions that collectively 

influence the distribution of future data.

Machine Learning Algorithms

Decision 𝑓𝑓𝜃𝜃1 ,𝑓𝑓𝜃𝜃2 , …

Society

Data
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Contributions
• Formalize the concept of multi agent performative predictions 

and a novel solution concept, multi agent performative 
stability

• Main result: a threshold result on RL algorithms
– Convergence for small learning rate
– Li-Yorke chaos when too much influence

ML Algorithms

Decision

Society

Data

Georgios Piliouras, Fang-Yi Yu. “Multi-agent Performative Prediction: from Global Stability and 
Optimality to Chaos." under review 2022 9



Simulation

Small learning rate (𝜂𝜂) Large influence (𝑛𝑛𝑛𝑛)

Model 𝜃𝜃𝑡𝑡 Model 𝜃𝜃𝑡𝑡Loss ℓ 𝜃𝜃𝑡𝑡;𝒟𝒟 𝜃𝜃𝑡𝑡 Loss ℓ 𝜃𝜃𝑡𝑡;𝒟𝒟 𝜃𝜃𝑡𝑡
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Simulation

Small learning rate (𝜂𝜂) Large influence (𝑛𝑛𝑛𝑛)
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Connections

Traffic prediction Credit score wildlife poaching predictions

More drivers follow=>  large 𝜆𝜆=> chaos More banks=>  large 𝑛𝑛=> chaos More dependency =>  large 𝜆𝜆=> chaos
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Here the navigation app provides the estimated arrival times  of each route.  Then the user decides whether or not to follow the recommendation.  The decision they make can lead to significant change in their actual arrival time compared to the initial estimation. 

Another example is credit score.  A bank may estimate a loan applicant has a high chance of default.  The bank will act on it by assigning a high interests rate.  Then the chance of loaner defaulting is even higher because of this high interests.  

Finally, park manager may use AI to predict the location of poaching, and send ranger to protect those area.  However, the present of ranger will make the change of poaching lower than the initial prediction. 



ML in the field
• Multi agent performative prediction

– How can we learn and avoid chaos?
• Algorithm
• Mechanism

– Competition between learning agents

• When are predictions performative?
– Strategic classification
– Price competition

ML Algorithms

Decision

Society

Data
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