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Background: Hyperparameters (HPs) in Data Attribution
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Influence Function (IF) (with gradient projection): Base of popular attributors

𝜏IF,𝜆,𝑃 (𝑧′, 𝑧𝑖)⏟
Influence of train data 𝑧𝑖
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= −[∇𝜃𝑓𝑧′ ]𝑃⏟
How much

will target of 𝑧′

degrade if …

([𝐻𝑆]𝑃 + 𝜆 𝐼)
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[∇𝜃𝐿𝑧𝑖
]
𝑃⏟

… parameters are retrained
after removing 𝑧𝑖?

𝑓 : target (e.g. logit)

𝐻𝑆: Hessian of loss of
model trained on 𝑆

𝐿: loss

• attributors like TRAK, LoGra, … build upon IF
• 𝜆: regularization strength

• 𝑝: projection dimension; [⋅]𝑃 : projection with 𝑃 ∈ ℝ𝑝×𝑝̃

• other hyperparameters…?

Evaluation: How good is the attributor?
• Linear Datamodeling Score (LDS): Generic, task-independent
• Downstream tasks: Data selection, Fact tracing, Adversarial attack, …
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Motivations

1. How do hyperparameters affect data attribution 
performance?

• A Large-Scale Study of Hyperparameter Sensitivity in Data Attribution 
[Section 3]

2. Can we accelerate hyperparameter selection (faster than 
brute-force search) without sacrificing performance?

• A Case Study on Regularization Term in Influence Function
[Section 4]
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A Large-Scale Study of HP Sensitivity

Part of the
experimental
results:
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Key Takeaways

1. Most attributors are sensitive to certain HPs
• HPs in data attribution are critical but largely overlooked

2. Impact of HPs can be “entangled”
• Counterintuitive: increase 𝑝 along ⇒ performance could ↓
• Increase 𝑝 + tune 𝜆 ⇒ monotonic performance ↑

3. Implicit HPs (e.g. “training epoch”) are important as well
• Training epoch: #epochs to train the 𝜃 used in 𝜏
• Could greatly affect performance
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Accelerating HPs Selection
Brute-force HP selection procedure

Attributor → Downstream tasks (e.g. data selection)

• Each (attributor, hyperparameters, task) ⇒ Re-evaluate (slow)

LDS-based HP selection procedure

Attributor → LDS → Downstream tasks

• Good LDS score ⇒ likely good downstream performance
• Each (attributor, hyperparameters) ⇒ LDS
• Issue: LDS itself is slow! It requires retraining many models on sampled 

subsets of 𝑆

Can we select HPs without retraining in LDS?
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A Case Study on Regularization Term in Influence Function
Can we select HPs without retraining in LDS?

Problem: Find the maximizer 𝜆 of LDS without retraining.
• Issue: LDS is (1)non-differentiable, and (2)dependent of sampled subsets.
• “Population Pearson LDS”

A sufficient condition (Informal, Under certain assumptions)

For 𝑧′ and 𝜆, there are two numbers 𝜉𝑧′,𝜆 and 𝜔𝑧′,𝜆 such that:
1. Both lie in [0, 1];
2. Computing 𝜉𝑧′,𝜆 doesn’t require retraining models;
3. If 𝜉𝑧′,𝜆 < 𝜔𝑧′,𝜆, then Population Pearson LDS of 𝑧′ increases with 𝜆.
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A Case Study on Regularization Term in Influence Function
Attributor → Surrogate indicator 𝜉𝑧′,𝜆 → Downstream tasks

• Each (attributor, hyperparameters) ⇒ 𝜉
• No retraining needed!

0.5 intuitively marks quick increase in 𝜉
⇒ Population Pearson LDS approaches to stationary point
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A Case Study on Regularization Term in Influence Function
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• Left: LDS;

red ⇒ our algo.
blue ⇒ LDS vs. 𝜆

• Top: Data selection;
“Selected” ⇒ our algo.

It is possible to select 𝜆 properly without any retraining
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arXiv GitHub

Thank you!

10 / 10


	Taming Hyperparameter Sensitivity in Data Attribution: Practical Selection Without Costly Retraining
	Background: Hyperparameters (HPs) in Data Attribution
	Motivations
	A Large-Scale Study of HP Sensitivity
	Key Takeaways
	Accelerating HPs Selection
	A Case Study on Regularization Term in Influence Function
	A Case Study on Regularization Term in Influence Function
	A Case Study on Regularization Term in Influence Function


