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Motivation
« Data budgets that limit sample sizes are pervasive.

current task

Samples Samples Samples

Memory constraint

Samples '—"w@fg ‘—na%ing — )
Samples Somie samples | Samples
Select samples for Select samples for

training efficiency training effectiveness



Related Work

 Existing sample selection methods primarily utilize local information.

» Attribute-based methods: » Connection-based methods:
« EL2N (Paul et al., 2021) - D? Pruning (Maharana et al., 2024)
« AUM (Pleiss et al., 2020) * Moderate corset (Xia et al., 2023)
» Forgetting (Toneva et al., 2019) * GraphCut (lyer et al., 2021)

- - o

Focus on local information,
but ignore global information




Challenges & Solution

* How to decompose the global information metric to the level of
iIndividual nodes?

* A node-level structural entropy metric that quantifies the importance of nodes
In preserving the global structure

How to employ the node-level metric for sample selection?

A structural-entropy-based sample selection method that integrates both global
and local metrics



Overview

Graph Construction Node-Level Structural Entropy  Importance-Biased Blue Noise Sampling

AN

//’—-\\\

/ \

[N e

/‘: /

PR U SN /
) 7/ M —

* \
\




Structural Entropy

Graph G Encoding Tree T

&i a
Cé a’s community
0.8
0.5\ C& Intra-community
connections vol(a) =

0.7+ 08+ 0.9

g(a) | vol(a)
vol(V) Ogvol(a—)

Structural entropy: H(G,T) = — Z

connections g(a) = ,
ae

o Only a single value for the whole graph!
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Node-Level Structural Entropy

» Use the Shapley value to decompose structural entropy:

o= 13 (M- (MG T H(GIvsl, 7))

V. CV\{u} Vs|

* Node-le\ Nodes with high S,

Higher vol (edge iv U

between communitie ™

Nodes with low S,

Lower vol (edge
In community)




Importance-Biased Blue Noise Sampling

* Importance score:

S(u) = Se(u) - S¢(u)

Node-level Training
structural entropy  difficulty
(global metric) (local metric)

* Blue noise sampling:
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/ \ . .
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Experiment

* Three learning scenarios:

« Supervised learning: Image
classification, text classification,
object detection, and VQA

« Active learning: Image classification

« Continual learning: Image
classification

« Baselines: Random, AUM, EL2N,
Forgetting, CCS, D? pruning...

Lo\ Taaan ~ANTAe TS

ALY ANTT T

——— Dataset ImageNet-1K (100%:73.63)

sampling Samplingrate | 70% 50% 20% 10% 5% 2% 1% % 1%
Rand 7.50 3596
Voderatw  Random 71.12  69.43 5877 47.36 3341 1641 541 s 3o
Eff,m,ﬂ Moderate 7148 68.68 56.35 4229 2677 1137 422 Jo 3o
TR CCS 7146  69.50 58.85 45.06 28.02 9.03 233 & o¢
Efzﬁltin GraphCut 71.50 69.16 56.08 4099 2430 790 246 zzg ii[z);
D? Pruning | 71.62 69.02 59.65 4597 28.08 1424 479 i1 el
yarance  prototypicality | 70.12  66.00 49.20 3527 24.14 13.88 495 20 1
k-DPP 7.44  36.66
Tis om |SES (Ours) 7211 7015 60.22  48.10  34.82  17.97  6.69 | 75 516]
Dataset Permuted Split Split Split Split

. Datase MNIST MNIST CIFAR10 CIFAR100 | Tiny-ImageNet ——
Memory size 100 200 | 100 200 | 100 200 | 100 200 | 100 200
" D2 Pruning 7825 7994 | 96.79 97.69 | 64.54 66.08 | 51.86 54.50 | 19.08  19.50 511
GraphCut 76.98 78.61 | 91.34 9425 | 61.02 61.66 | 5335 54.66 | 19.76 2053 >3
k-center 78.17 7975 | 94.39 96.61 | 6147 62.74 | 51.16 53.10 | 18.87 18.90 520
Gradient Matching | 77.30 79.27 | 9539 97.54 | 61.65 62.65 | 54.13 5629 | 19.19 19.00 654
FRCL 7733 79.21 | 9448 97.10 | 61.67 6293 | 51.40 54.28 | 18.86 19.01 o
iCaRL 78.94 80.65 | 89.50 97.59 | 62.33 64.08 | 54.62 56.11 | 19.58 19.85 6.3
" Greedy Coreset 7871 80.13 | 96.07 97.76 | 63.18 62.98 | 56.17 57.72 | 1924 1998 761
* BCSR 7774 7951 | 9477 96.98 | 6323 64.59 | 5021 5149 | 18.75 1874 ——
ISES (Ours) | 79.92 81.18 | 9694 98.28 | 68.26 69.32 | 57.60 59.69 | 20.80  21.20




Qualitative Analysis

Oversample near Undersample in Undersample near Well cover the
these boundaries  these classes these boundaries data distribution
/

D? pruning



Conclusion and Future Work

* A structural-entropy-based sample selection method
 Decompose graph-level structural entropy to the node level

« Combine global metric and local metric to select informative and
representative samples

 Future Work

« Automate the hyperparameter selection
 Improve the support for multimodal data
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Thank you!
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