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Explainability

 Recap: Feature Attribution Methods 
o  LIME (Local Interpretable Model-agnostic Explanations) algorithm
o  SHAP methods based on cooperative game theory
o  Saliency Maps (different versions)
o  Formal guarantees for feature attribution methods
o  Counterfactuals
o  Representation-based explanations

  Today’s agenda: Data attribution methods
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Malignant 

Understand how the choice of training data influences the model’s prediction

Dat Attribution



Agenda

 Today: 

o Influence Functions
o Datamodels

 Resources: 

o Understanding black-box predictions via influence functions; Koh et al.; ICML 2017
o Datamodels: Predicting predictions from training data; Ilyas et al.;  ICML 2022
o TRAK: Attributing model behavior at scale; Park et al.; ICML 2023

o Credit: Talk slides for above papers by the authors
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Why did the model make this 

prediction?

Which training points were most 

responsible for this prediction?



The influence of 
individual training points
Koh & Liang, Understanding Black-box Predictions via Influence Functions, ICML 2017
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Test input 𝑧𝑡𝑒𝑠𝑡

“Dog” (82% confidence)
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“Dog” (82% confidence)

vs.

መ𝜃−𝑧𝑡𝑟𝑎𝑖𝑛෠𝜃

“Dog” (79% confidence)

What is 𝐿 𝑧𝑡𝑒𝑠𝑡 , ෠𝜃−𝑧𝑡𝑟𝑎𝑖𝑛 − 𝐿 𝑧𝑡𝑒𝑠𝑡 , ෠𝜃 ?



Why did the model make this 

prediction?

Which training points were most 

responsible for this prediction?

How would the prediction change if 

we removed a training point?



Repeatedly removing a training point 
and retraining the model is too slow

Problem



Repeatedly removing a training point 
and retraining the model is too slow

Approximation via influence functions 
(a classical technique from the 1970s)

Problem

Solution



Influence functions

• Goal: Compute 𝐿 𝑧𝑡𝑒𝑠𝑡 , መ𝜃−𝑧𝑡𝑟𝑎𝑖𝑛 − 𝐿 𝑧𝑡𝑒𝑠𝑡 , መ𝜃
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Influence functions
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empirical distribution, then renormalizing



Influence functions

• Goal: Compute 𝐿 𝑧𝑡𝑒𝑠𝑡 , መ𝜃−𝑧𝑡𝑟𝑎𝑖𝑛 − 𝐿 𝑧𝑡𝑒𝑠𝑡 , መ𝜃
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• Idea: 

• Assume 
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• Use calculus to compute effect of removing 𝜖 weight 
from 𝑧𝑡𝑟𝑎𝑖𝑛
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Influence functions

• Goal: Compute 𝐿 𝑧𝑡𝑒𝑠𝑡 , መ𝜃−𝑧𝑡𝑟𝑎𝑖𝑛 − 𝐿 𝑧𝑡𝑒𝑠𝑡 , መ𝜃

መ𝜃−𝑧𝑡𝑟𝑎𝑖𝑛 ≝ argmin𝜃∈Θ
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• Specifically, compute gradient of  

መ𝜃𝜖,𝑧𝑡𝑟𝑎𝑖𝑛 ≝ argmin𝜃∈Θ
1
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𝐿 𝑧𝑖 , 𝜃 + 𝜖𝐿(𝑧𝑡𝑟𝑎𝑖𝑛, 𝜃)

w.r.t. 𝜖.



Influence functions

• ෠𝜃𝜖,𝑧𝑡𝑟𝑎𝑖𝑛 ≝ argmin𝜃∈Θ
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𝑛
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𝑛 𝐿 𝑧𝑖 , 𝜃 + 𝜖𝐿(𝑧𝑡𝑟𝑎𝑖𝑛, 𝜃)

• Under smoothness assumptions,

𝐼𝑢𝑝,𝑙𝑜𝑠𝑠 𝑧𝑡𝑟𝑎𝑖𝑛, 𝑧𝑡𝑒𝑠𝑡 ≝ ቤ
𝑑𝐿 𝑧𝑡𝑒𝑠𝑡 , ෠𝜃𝜖,𝑧𝑡𝑟𝑎𝑖𝑛

𝑑𝜖 𝜖=0



Influence functions

• ෠𝜃𝜖,𝑧𝑡𝑟𝑎𝑖𝑛 ≝ argmin𝜃∈Θ
1
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𝑛 𝐿 𝑧𝑖 , 𝜃 + 𝜖𝐿(𝑧𝑡𝑟𝑎𝑖𝑛, 𝜃)

• Under smoothness assumptions,

where 𝐻෡𝜃 ≝
1

𝑛
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𝑛 ∇𝜃

2𝐿 𝑧𝑖 , ෠𝜃 .

𝐼𝑢𝑝,𝑙𝑜𝑠𝑠 𝑧𝑡𝑟𝑎𝑖𝑛, 𝑧𝑡𝑒𝑠𝑡 ≝ ቤ
𝑑𝐿 𝑧𝑡𝑒𝑠𝑡 , ෠𝜃𝜖,𝑧𝑡𝑟𝑎𝑖𝑛

𝑑𝜖 𝜖=0

= −∇𝜃𝐿 𝑧𝑡𝑒𝑠𝑡 , ෠𝜃
⊤
𝐻෡𝜃
−1∇𝜃𝐿 𝑧𝑡𝑟𝑎𝑖𝑛, ෠𝜃

⊤



Influence functions

• ෠𝜃𝜖,𝑧𝑡𝑟𝑎𝑖𝑛 ≝ argmin𝜃∈Θ
1

𝑛
σ𝑖=1
𝑛 𝐿 𝑧𝑖 , 𝜃 + 𝜖𝐿(𝑧𝑡𝑟𝑎𝑖𝑛, 𝜃)

• Under smoothness assumptions,

where 𝐻෡𝜃 ≝
1

𝑛
σ𝑖=1
𝑛 ∇𝜃

2𝐿 𝑧𝑖 , ෠𝜃 .

• 𝐿 𝑧𝑡𝑒𝑠𝑡 , ෠𝜃−𝑧𝑡𝑟𝑎𝑖𝑛 − 𝐿 𝑧𝑡𝑒𝑠𝑡 , ෠𝜃 = −
1

𝑛
𝐼𝑢𝑝,𝑙𝑜𝑠𝑠 𝑧𝑡𝑟𝑎𝑖𝑛, 𝑧𝑡𝑒𝑠𝑡

𝐼𝑢𝑝,𝑙𝑜𝑠𝑠 𝑧𝑡𝑟𝑎𝑖𝑛, 𝑧𝑡𝑒𝑠𝑡 ≝ ቤ
𝑑𝐿 𝑧𝑡𝑒𝑠𝑡 , ෠𝜃𝜖,𝑧𝑡𝑟𝑎𝑖𝑛

𝑑𝜖 𝜖=0

= −∇𝜃𝐿 𝑧𝑡𝑒𝑠𝑡 , ෠𝜃
⊤
𝐻෡𝜃
−1∇𝜃𝐿 𝑧𝑡𝑟𝑎𝑖𝑛, ෠𝜃

⊤



Debugging Models with Influence Functions

 Task: Image Classification
 Model 1: Support Vector Machine (SVM) with Radical Basis Function (RBF) kernel

 Model 2: Inception v3 network from CNN family
 Training dataset: ImageNet

5



Debugging Models with Influence Functions

 Task: Image Classification
 Model 1: Support Vector Machine (SVM) with Radical Basis Function (RBF) kernel

 Model 2: Inception v3 network from CNN family
 Training dataset: ImageNet
 Sample correct prediction by both models: Fish

 Question: Which training images were most
   influential in the model’s prediction?
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Debugging Models with Influence Functions

8

RBF SVM



Debugging Models with Influence Functions

4

RBF SVM Inception



Applications of Influence Functions

 Understanding model predictions

 Adversarial training examples

 Debugging domain mismatch (i.e. distribution shift in test-data vs. training-data)

 Fixing mislabeled examples
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The influence of 
groups of training points
Koh*, Ang*, Teo*, & Liang, On the Accuracy of Influence Functions for Measuring Group Effects 
[under review]



Datamodels

 Datamodels: Predicting predictions from training data; Ilyas et al.;  ICML 2022

 TRAK: Attributing model behavior at scale; Park et al.; ICML 2023
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Explainability Recap

 Feature Attribution Methods 
o  LIME (Local Interpretable Model-agnostic Explanations) algorithm
o  SHAP methods based on cooperative game theory
o  Saliency Maps (different versions)
o  Formal guarantees for feature attribution methods
o  Counterfactuals
o  Representation-based explanations

  Data attribution methods
o Influence Functions
o Datamodels

 Next lecture: Neurosymbolic Learning (guest lecture by PhD student Ziyang Li)
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