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Motivation

• Data is one of the most fundamental building blocks of AI
• There are surprisingly many open problems
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Train

Wang et al (2025), „Data Shapley in One Training Run“, ICLR 2025
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Data Attributions: The Mechanism
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Requires 𝑵 retrainings!

Problem
This evaluation is computationally 

infeasible for Large Models!!!



Empirical Influence Functions
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Feldman & Zhang (2020)

Goal:
Approximate

 Training Point Attributions 
without training 𝑁 models

(i.e., Monte Carlo Estimator)
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Fundamental Insight
𝑓 ≈ 𝒂⊤𝒙

where 𝑓: 0,1 𝑁 → ℝ 



Train 4K ResNet50 
models & release 

attribution scores.
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Research Question
Can we effectively verify correctness of 

released attribution scores using a 
small number of training runs?  
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Why Naive Verification Fails?

• A naive data seller might just check if attribution ො𝑎 has low error
• „Good enough“ isn‘t good enough! Checking if attribution has low 

error can easily be fooled. 

• What if a malicous buyer computes ො𝑎 =
𝑎∗

2
 . This has low MSE, but 

is far from optimal!
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The Rules of the Game

ML Service 
Provider Data Seller

Prover (P) Verifier (V) Good Protocol

Computationally powerful, 
provides the attribution scores.

Resource-constrained, 
wants to check P's work.

 Completeness: If everyone is honest,
Verifier accepts the correct answer. 

Soundness: If the Prover cheats, the 
Verifier either detects it and aborts, or still 
gets a correct answer.

Efficiency: The Verifier's work is cheap
and, crucially, independent of the dataset
size N.
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The Non-Interactive Protocol

The Verifier can check for near-optimality himself, but it‘s slow
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Set error tolerance: 𝜖 (say 𝜖 = 0.01)

Task 1: Estimate the error of ො𝑎 by training 
𝑂(
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𝜖2) models → 10.000 runs
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Prover (P) Verifier (V)

The Verifier's total cost is dominated by the expensive task 2: 
Total # of training runs on the order of 𝑶(

𝟏

𝝐𝟑)

Data Seller



The Interactive Protocol
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The Interactive Protocol

ML Service 
Provider

Data Seller

Task 2: Estimate the optimal error by training 
models on the order of 𝑂(

1

𝜖3) using the 
clever „residual estimation“ technique 

Set error tolerance: 𝜖

Flag small random subset of 
size 𝑂(

1

𝜖2) as spot checks

Challenge

Do 𝑂(
1

𝜖2) spot checks. 
If any do not match, abort

Task 1: Run consistency check. 
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Verifier (V) Prover (P)



Conclusion

• Verifying computationally expensive data attributions is a key 
challenge for building trust between Data Buyers & Data Sellers

• We need a protocol that is correct (completeness & soundness) 
and efficient for the resource-constrained Data Buyer

• We suggested a simple two-message interactive protocol with a 
spot-checking mechanism

• Approach offloads heavy computational burden to the Data 
Buyer while maintaining strong guarantees

• Interaction makes things efficient!
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