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Data Value

• Data valuation
• Data with different qualities typically lead to diverse ML model performances



Background & Motivation

Initialized DNN

<latexit sha1_base64="SjINRKQZRyTsCjrmIx8Td4lxDVE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8dK7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHstHM0nQj+hQ8pAzaqzUaPS9frniVt05yCrxclKBHPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa2LqndVvXy4rNRu8ziKcAKncA4eXEMN7qEOTWAwhGd4hTdHOC/Ou/OxaC04+cwx/IHz+QPWMY2E</latexit>

S1
<latexit sha1_base64="WNMJVtt0EI1+lLcljti8s7rlwWc=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJUY9ELx4xyCOBDZkdemHC7OxmZtaEED7BiweN8eoXefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfju7nffkKleSwfzSRBP6JDyUPOqLFSo9Gv9Islt+wuQNaJl5ESZKj3i1+9QczSCKVhgmrd9dzE+FOqDGcCZ4VeqjGhbEyH2LVU0gi1P12cOiMXVhmQMFa2pCEL9ffElEZaT6LAdkbUjPSqNxf/87qpCW/8KZdJalCy5aIwFcTEZP43GXCFzIiJJZQpbm8lbEQVZcamU7AheKsvr5NWpexdlasP1VLtNosjD2dwDpfgwTXU4B7q0AQGQ3iGV3hzhPPivDsfy9ack82cwh84nz/XtY2F</latexit>

S2
<latexit sha1_base64="VoJRD8lglwcYV57U/fmiMgzI7yg=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHaVqEeiF48Y5JHAhswOvTBhdnYzM2tCCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR3cxvPaHSPJaPZpygH9GB5CFn1FipXu9d9oolt+zOQVaJl5ESZKj1il/dfszSCKVhgmrd8dzE+BOqDGcCp4VuqjGhbEQH2LFU0gi1P5mfOiVnVumTMFa2pCFz9ffEhEZaj6PAdkbUDPWyNxP/8zqpCW/8CZdJalCyxaIwFcTEZPY36XOFzIixJZQpbm8lbEgVZcamU7AheMsvr5LmRdm7KlceKqXqbRZHHk7gFM7Bg2uowj3UoAEMBvAMr/DmCOfFeXc+Fq05J5s5hj9wPn8A2TmNhg==</latexit>

S3

<latexit sha1_base64="gC+06pjiyCfaPsEBddOZM/yJBGE=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPVi8eK9gPSUDbbTbt0sxt2N0IJ+RlePCji1V/jzX/jts1BWx8MPN6bYWZemHCmjet+O6WV1bX1jfJmZWt7Z3evun/Q1jJVhLaI5FJ1Q6wpZ4K2DDOcdhNFcRxy2gnHt1O/80SVZlI8mklCgxgPBYsYwcZK/kM/6xHMs+s871drbt2dAS0TryA1KNDsV796A0nSmApDONba99zEBBlWhhFO80ov1TTBZIyH1LdU4JjqIJudnKMTqwxQJJUtYdBM/T2R4VjrSRzazhibkV70puJ/np+a6CrImEhSQwWZL4pSjoxE0//RgClKDJ9Ygoli9lZERlhhYmxKFRuCt/jyMmmf1b2L+vn9ea1xU8RRhiM4hlPw4BIacAdNaAEBCc/wCm+OcV6cd+dj3lpyiplD+APn8wdyhZFg</latexit>

SA

<latexit sha1_base64="xOra1flrqf7FD7e/7ECUaWQ39nw=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKexKUI9BLx4TyAuSJcxOepMxs7PLzKwQQr7AiwdFvPpJ3vwbJ8keNLGgoajqprsrSATXxnW/ndzG5tb2Tn63sLd/cHhUPD5p6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8P/fbT6g0j2XDTBL0IzqUPOSMGivVG/1iyS27C5B14mWkBBlq/eJXbxCzNEJpmKBadz03Mf6UKsOZwFmhl2pMKBvTIXYtlTRC7U8Xh87IhVUGJIyVLWnIQv09MaWR1pMosJ0RNSO96s3F/7xuasJbf8plkhqUbLkoTAUxMZl/TQZcITNiYgllittbCRtRRZmx2RRsCN7qy+ukdVX2rsuVeqVUvcviyMMZnMMleHADVXiAGjSBAcIzvMKb8+i8OO/Ox7I152Qzp/AHzucPspeM4Q==</latexit>

T

Extensive retraining

The conventional data valuation



Background & Motivation

Initialized DNN

<latexit sha1_base64="SjINRKQZRyTsCjrmIx8Td4lxDVE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8dK7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHstHM0nQj+hQ8pAzaqzUaPS9frniVt05yCrxclKBHPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa2LqndVvXy4rNRu8ziKcAKncA4eXEMN7qEOTWAwhGd4hTdHOC/Ou/OxaC04+cwx/IHz+QPWMY2E</latexit>

S1
<latexit sha1_base64="WNMJVtt0EI1+lLcljti8s7rlwWc=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJUY9ELx4xyCOBDZkdemHC7OxmZtaEED7BiweN8eoXefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfju7nffkKleSwfzSRBP6JDyUPOqLFSo9Gv9Islt+wuQNaJl5ESZKj3i1+9QczSCKVhgmrd9dzE+FOqDGcCZ4VeqjGhbEyH2LVU0gi1P12cOiMXVhmQMFa2pCEL9ffElEZaT6LAdkbUjPSqNxf/87qpCW/8KZdJalCy5aIwFcTEZP43GXCFzIiJJZQpbm8lbEQVZcamU7AheKsvr5NWpexdlasP1VLtNosjD2dwDpfgwTXU4B7q0AQGQ3iGV3hzhPPivDsfy9ack82cwh84nz/XtY2F</latexit>

S2
<latexit sha1_base64="VoJRD8lglwcYV57U/fmiMgzI7yg=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHaVqEeiF48Y5JHAhswOvTBhdnYzM2tCCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR3cxvPaHSPJaPZpygH9GB5CFn1FipXu9d9oolt+zOQVaJl5ESZKj1il/dfszSCKVhgmrd8dzE+BOqDGcCp4VuqjGhbEQH2LFU0gi1P5mfOiVnVumTMFa2pCFz9ffEhEZaj6PAdkbUDPWyNxP/8zqpCW/8CZdJalCyxaIwFcTEZPY36XOFzIixJZQpbm8lbEgVZcamU7AheMsvr5LmRdm7KlceKqXqbRZHHk7gFM7Bg2uowj3UoAEMBvAMr/DmCOfFeXc+Fq05J5s5hj9wPn8A2TmNhg==</latexit>

S3

<latexit sha1_base64="gC+06pjiyCfaPsEBddOZM/yJBGE=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPVi8eK9gPSUDbbTbt0sxt2N0IJ+RlePCji1V/jzX/jts1BWx8MPN6bYWZemHCmjet+O6WV1bX1jfJmZWt7Z3evun/Q1jJVhLaI5FJ1Q6wpZ4K2DDOcdhNFcRxy2gnHt1O/80SVZlI8mklCgxgPBYsYwcZK/kM/6xHMs+s871drbt2dAS0TryA1KNDsV796A0nSmApDONba99zEBBlWhhFO80ov1TTBZIyH1LdU4JjqIJudnKMTqwxQJJUtYdBM/T2R4VjrSRzazhibkV70puJ/np+a6CrImEhSQwWZL4pSjoxE0//RgClKDJ9Ygoli9lZERlhhYmxKFRuCt/jyMmmf1b2L+vn9ea1xU8RRhiM4hlPw4BIacAdNaAEBCc/wCm+OcV6cd+dj3lpyiplD+APn8wdyhZFg</latexit>

SA

<latexit sha1_base64="xOra1flrqf7FD7e/7ECUaWQ39nw=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKexKUI9BLx4TyAuSJcxOepMxs7PLzKwQQr7AiwdFvPpJ3vwbJ8keNLGgoajqprsrSATXxnW/ndzG5tb2Tn63sLd/cHhUPD5p6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8P/fbT6g0j2XDTBL0IzqUPOSMGivVG/1iyS27C5B14mWkBBlq/eJXbxCzNEJpmKBadz03Mf6UKsOZwFmhl2pMKBvTIXYtlTRC7U8Xh87IhVUGJIyVLWnIQv09MaWR1pMosJ0RNSO96s3F/7xuasJbf8plkhqUbLkoTAUxMZl/TQZcITNiYgllittbCRtRRZmx2RRsCN7qy+ukdVX2rsuVeqVUvcviyMMZnMMleHADVXiAGjSBAcIzvMKb8+i8OO/Ox7I152Qzp/AHzucPspeM4Q==</latexit>

T

Extensive retraining

The conventional data valuation



• 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

<latexit sha1_base64="sqNRDcvIgk1lsM0QshZmwr3N7mU="></latexit>

⌫(S) = �
q

by>⇥�1
0 by/mS � dH(T, S)

<latexit sha1_base64="olJCb7D4FN+enra/Oaq4wo1DH2s="></latexit>

<latexit sha1_base64="ir7Me3XfxlqqS7bhp9YuUSwtHRQ="></latexit>

 =

PK
i=1 dH(T, Si)

PK
i=1

⇣
by>

Si
⇥�1

0,Si
bySi/mSi

⌘1/2

(3)



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


