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Introduction i

\) “" KSAM (Pierre et al. 2021) improves model

generalization by flattening minima.

Its generalization performance is impacted
CE+SAM CE+GNM by imbalanced data distributions

(a) Side view K /

/Motivation: \
.. * Introduce distribution-independent

* Flatten loss landscape to enhance model
generalization.
CEsAM CEreNM erturbation.
(b) Top view P J

Pierre F, Ariel K, Hossein M, and Behnam N. Sharpness-aware minimization for efficiently improving generalization. In ICLR, 2021. 2
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Method &

e Gaussian neighborhood loss:

LGY(6) = E..cn0,09)[L7(8 + €)]

* Parameter update strategy:

€t = PGNM * [52']?:1, € ™~ N((),Uz)

Otﬁ]\{M =0; — (VOtLT(et)|0t+ét + )‘Gt)
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Analysis £ s

[ Comparison of parameter update strategies between GNM and SAM : J

~ k 2 N VBLT(Ot)
g ZpGNM-sii:,é?iNNO,O' ; = ,
GNMt o ) st e IVoLT(6:)l13
et—l-l - Ot — Oy (VBtLT(et)‘GtJrét + Aet) : 025:11_41M = Gt — O (VgtLT(et)letJrét + )\Ht)

Our proposed GNM:

* |s well-suited for long-tailed data. GNM is in sample-independent manner.

e Saves computational overhead. The parameter update in GNM does not need
additional forward and backward pass to calculate perturbations.
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Method 200 100 50 10
DNN-based model (Backbone: ResNet32)
BBN [68] 372 426 47.0 59.1
RIDE [57] 45.8 504 55.0 -
MisLAS [66] 435 470 523 63.2
BCL [72] - 51.9 56.6 64.9
GCL [32] 448 48.6 53.6 -
NCL [29] - 542 58.2 -
GPaCo [7] - 523 564 65.4
SHIKE [22] 56.3 59.8 -

CCSAM [71] 45.7 50.8 539 -

ImbSAM [70] - 54.8 593 59.7
Self-attention-based model (Backbone: ViT-B/16)
VPT [21] 72.8 81.0 84.8 89.6
LiVT [62] - 58.2 - 69.2
LPT [10] 87.9 89.1 90.0 91.0

GNM-PT (ours) | 89.2 90.3 912  91.8

Comparison results on CIFAR100-LT 5
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Method | Head Med Tail Overall Method | Head Med Tail Overall
DNN-based model (Backbone: ResNet152) DNN-based model (Backbone: ResNet50)

LWS [23] 406 391 286 376 LWS [23] 729 712 69.2 705
RIDE [57] 444 406 330 404 RIDE A[§7[]6 6 e ;‘2“3 ;8‘2 ;?2
MisLAS [66] | 39.6 433 36.1 404 GOL 132] A
GCL [32] 38.6 426 384 40.3 NCL [29] 27 756 745 74.9
NCL [29] - - - 41.8 GPaCo [7] - - - 75.4
GPaCo [7] 395 472 330 41.7 SHIKE [22] ; , , 75.4

SHIKE([22] | 43.6 392 448 419 | ~~ "~~~ DNN-based model with SAM~ ~ ~ ~ ~~
DNN-based model with SAM LDAM+SAM [47] | 64.1 705 71.2 70.1
"CCSAM[71] | 412 421 364 406 CCSAM [71] 654 709 722 709
MHSA-based model (Backbone: ViT-B/16) ImbSAM [70] 682 725 72'9 71.1

Supplementary with linguistic data MHS A-based model ('Bac}(bor%e:‘VlT—B/ 16)
CVLLTR[52)” 7| 7542 TS A0 T RAT T o ETﬁsrg%?@@egt%ry_th linguistic data_ -
3 - - = = o

RACISL [ 487 383 al8 4727 | paciss) 759 805 S81.1  80.2°

e ___Nsuwlonly ) =T Visnal-only~ ~~ ~ ~ "~

Decoder [60] - - - 46.85 ~ Decoder [60] ~ " 7| A (N
LPT [10] 47.6 52.1 484 497 LPT [10] . } 793 76.1
LiVT [62] 48.1 406 275 408 LiVT [62] 789 765 748  76.1
GNM-PT (ours) | 46.6 533 494  50.1 GNM-PT (ours) 61,5 77.1 793 76.5
GNM-PT (ours) | 48.6 52.1 479  50.0* GNM-PT (ours) 763 716 750 76.3*

Comparison results on Places-LT and iNaturalist 2018. 6
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100

[ JcE 92 [ ]GcL
o E+sAM s IR S0 Method Acc. (%) NET (s)
90| 90} 898922125 8952 CE 81.02 39.78
X 85t ¥ g CE+SAM 82.48 72.51
g sof g __CEsGNM 8250 ___ ¢ 40.16 (| 44.61%)
ol 861 GCI+DRW 89.58 40.00
ol al GCL+DRW+SAM 89.69 74.36
65 . GCL+DRW+GNM 90.28 41.87 (1 43.69% )
Head Med Tail
(a) CE loss (b) GCL loss

* Consistently enhance the performance of * Save computational overhead

GCL across all categories in every scenario.
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GCL GCL+SAM GCL+GNM

* Achieve a flat loss landscape. 7
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Conclusion g

Pros:

Simple and effective:

* Balance the generalization capabilities of both head and tail classes;
* Little additional computational cost.

Cons:
Need to further re-balancing the classifier:
* A rebalancing strategy is also needed to obtain a more balanced classifier.
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Thanks

* More details: http://arxiv.org/abs/2410.21042 .
R RY
* Code: https://github.com/Keke921/GNM-PT ?%Tg‘ggg@;g,’:fggysﬂag

* Contact: limengke@gml.ac.cn; zbdly226@gmail.com
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