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Background: Hyperparameters (HPs) in Data Attribution

Influence Function (IF) (with gradient projection): Base of popular attributors

—1
e p(752) = —(Voflp (Hslp +AI) " [VeL. ]
Influence of ;;ain data z; .HOW‘;nuCh ... parameters are retrained

on test example 2’ will target of 2/ after removing z,?

degrade if ... v
e attributors like TRAK, LoGra, ... build upon IF f: target (e.qg. logit)
e \:regularization strength ~ Hg: Hessian of loss of
« p: projection dimension; [-]p : projection with P € RP*?P model trained on S

other hyperparameters...?
L:loss

Evaluation: How good is the attributor?

 Linear Datamodeling Score (LDS): Generic, task-independent

« Downstream tasks: Data selection, Fact tracing, Adversarial attack, ...
Koh, P. W. & Liang, P. (2017). Understanding black-box predictions via influence functions. ICML 2017, 1885-1894.

Park, S. M., Georgiev, K., llyas, A., Leclerc, G., & Madry, A. (2023). TRAK: Attributing model behavior at scale. ICML 2023, 27074-27113.
Choe, S. K. et al. (2024). What is your data worth to GPT? LLM-scale data valuation with influence functions. arXiv:2405.13954.



Motivations

1. How do hyperparameters affect data attribution
performance?

e 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?

e A Case Study on Regularization Term in Influence Function
[Section 4]



A Large-Scale Study of HP Sensitivity

Part of the
experimental
results:
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(b) MNIST+MLP. Attributor: (c) CIFAR-2+ResNet-9. Attributor:
TRAK. HP: projection-dimension, TRAK. HP: projection-dimension,
regularization. regularization.
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Key Takeaways

1.

Most attributors are sensitive to certain HPs
« HPs in data attribution are critical but largely overlooked

. Impact of HPs can be “entangled”

« Counterintuitive: increase p along = performance could |
e Increase p + tune XA = monotonic performance 1

. Implicit HPs (e.g. "training epoch”) are important as well

e Training epoch: #epochs to train the # used in 7
« Could greatly affect performance



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

e 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?



A Case Study on Reqgularization Term in Influence Function

Can we select HPs without retraining in LDS?

Problem: Find the maximizer A 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 2" and A, there are two numbers £, , and w,, , such that:
1. Both lie in [0, 1];

2. Computing &,/ , doesn't require retraining models;
3. It&, \ <w, ,, then Population Pearson LDS of 2’ increases with .



A Case Study on Reqgularization Term in Influence Function
Attributor — Surrogate indicator £,, , — Downstream tasks

« Each (attributor, hyperparameters) = &
« No retraining needed!

Algorithm 1 Selecting A with the surrogate indicator.

Input: A candidate set C of A, a subset T C Z of test examples.

Output: A selected A
: for A € Cdo
Compute &, ) forall 2’ € T
ET,\ < % Y et &2 a
4: end for ~
: A argminy o |\ — 0.9];

W =

Lh

0.5 intuitively marks quick increase in &
= Population Pearson LDS approaches to stationary point



A Case Study on Reqgularization Term in Influence Function

MNIST LR (p =512)

MNIST LR (No projection)

LDS

MNIST MLP (6 =512)

Removal rates | 10% | 30% | 50%

Full 88.63% £+ 0.03% 88.63% +0.03% 88.63% +0.03%
Random 88.52% £ 0.03% 88.06% £+ 0.05% 87.60% £ 0.06%
IFFIM Default 88.114% £ 0.05% 87.77% £ 0.08% 8T7.58% £ 0.10%
IFFIM Selected | 87.66% <+ 0.01% 84.50% + 0.01% 81.53% + 0.06%
TRAK Default 88.53% £ 0.06% 87.02% £ 0.11% 86.88% £+ 0.29%

TRAK Selected | 87.30% £ 0.04% | 83.84% £+ 0.05% | 80.12% + 0.08%
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It is possible to select \ properly without any retraining
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