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Data Value

• Data valuation
• Data with different qualities typically lead to diverse ML model performances
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• Estimate the domain-aware generalization performance of DNNs without 
actual model training

• Neural tangent kernel (NTK)
• Characterize the training dynamics of DNNs with gradient descent
• The generalization performance can be theoretically bounded using NTK

• Domain adaption
• In data valuation, an agent’s dataset typically has a different distribution from the 

test dataset
• Characterizes the generalization error caused by train-test domain discrepancy

Motivation
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• NTK matrix

• Definition 1 (Empirical Domain Discrepancy [1])

Definitions & Notations
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[1] Gretton, A., Borgwardt, K. M., Rasch, M. J., Sch¨olkopf, B., and Smola, A. A kernel two-sample test. JMLR, 13(25): 723–773, 2012a.



• Theorem 1

• Two sources of error: (a) in-domain error and (b) out-of-domain error

• In-domain error
• More complex the data, higher the generalization error 

• Out-of-domain error
• More different S is from T, higher the generalization error

Domain-aware Generalization Bound
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• Based on Theorem 1, we propose the scoring function

• An empirical hyper-parameter    
• Balances the averaged scales of the in-domain and out-of-domain error

Training-free Data Valuation
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Training-free Data Valuation

• Algorithm



We theoretically prove the following properties:

1. [Theorem 1] Awareness of Data Preference
2. [Proposition 1] Awareness of Data Quantity
3. [Proposition 2] Stability to Noise
4. [Proposition 3] Robustness to Model

Properties of DAVINZ



Valid scoring function in practice
• Construct 200 datasets each consisting of up to 10K MNIST images
• DNN with 2 Conv layers

Experiments
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Effective and efficient DAVINZ

Experiments

Ours training-free

Training-based



Effective and efficient DAVINZ (regression)

Experiments



Theoretical properties of DAVINZ

Awareness of Data Preference Awareness of Data Quantity



Theoretical properties of DAVINZ

Stability to Noise Robustness to Model



• A training-free method for efficient and trustworthy data valuation in 
complex DNNs

• Derived a domain-aware generalization bound for DNNs using the NTK 
theory
• Used the bound as the utility function to design a training-free data 

valuation method
• Proved four desirable theoretical properties enjoyed by this method

• Applications: Enables large-scale SV calculation, data summarization, etc. 

Conclusion


