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Model Generalizationin Deep Learning S s
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*This work focuses on image classification tasks



Optimization Problem s TOKYG"

Given a loss function of the training set: Stochastic Gradient Descent (SGD):
1 T _ .
Lg(w) 2 = Zl(w’ i, y:) thle — w; — nV Le(wy) ,n = learning rate
n
1=1
| = loss function measuring prediction error Loss ¢

Learning Step

/

w = model parameters
X; = input image
y; = label

Image classification is considered an Gradient

optimization problem: .
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Parameter 10

min L¢(w)
w There are also other optimizers,

e.g., RMSprop, Adam, AdamW 2




Loss Landscape and Generalization s TOKYO"

Based on some assumptions:
- The minima of the testing dataset slightly shifts from the training.

- The testing loss landscape has a similar shape to the training.

a sharper loss landscape results in a larger loss increase on the test loss compared

to a flat landscape.
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Hochreiter & Schmidhuber, 1997; Keskar et al., 2017; Dziugaite & Roy, 2017




Training Methods S s
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SAM: Sharpness-Aware Minimization
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SAM improves generalization by avoiding sharp minima in the loss landscape.
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SAM: Sharpness-Aware Minimization
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SAM improves generalization by avoiding sharp minima in the loss landscape.

Conventional

Can we reduce this extra
gradient computation?
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SGD Updating S s




SAM Updating
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SAM Updating
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SAM’s Two Gradient Calculation S s

 First Step (Perturbation Step):

VL (w) ‘
|V Ls(w)]l5

esaMm = StopGrad (p

« Second Step (Weight Updating Step):
Two backpropagations required

th-Ij}lM = w¢ — V{VLs(’wt + €SAM)]/
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Research Question S s

Can we reduce this extra
» First Step (Perturbation Step): gradlent computatlon ?

VL .(w
esaMm = StopGrad (p 1L ((w))| /r
s 2

« Second Step (Weight Updating Step):

wp i = wy — T[VLs(wt + €SAM)]

——

Required for weight updating
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EXPONENTIAL MOVING AVERAGE s TOKYO
SHARPNESS-AWARE MINIMIZATION (EMASAM)

SAM
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VL(w \ SAM
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SAM

wiyy = wy — NV Lg(ws + esam)

- Gradient-based perturbation that
requires backpropagation

- Requires two backpropagations per
training iteration

EMASAM

EMASAM
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Perturbation*

WEMASAM

EMASAM
Wit Wet1

EMASAM __ EMASAM
Wiy = aw,

+ (1 — a)(wy — nVL(wEMASAM | EMASAM))

- EMA-based perturbation that does
not require backpropagation

- Requires one backpropagation per
training iteration 12



Method Comparison

1 Step
1 Gradient Calculation
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2 Steps 2 Steps
2 Gradient Calculations 1 Gradient Calculations

Perturbation Step Perturbation Step
(Gradient-based) (EMA-based)

Updating Updating
Step Step
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EMA Model
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EMA model is created as a separate
copy of the main model.

The EMA model is updated via an

averaging rule at the end of each
training iteration

EMA EMA
wyyy o =aw, 4 (1= a)wi
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EMASAM Model
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EMASAM perturbs the model using the
formula:

EMASAM
e oM = StopGrad (p”('“’ wéMASAM ”) )
w
2
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EMASAM Model
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EMASAM perturbs the model using the
formula:

eEMASAM _ StopGrad (p

('wt _ thMASAM)
i =SS,

At the perturbed position, compute the
loss gradient.

Use the computed gradient to update
the original model.
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EMASAM Model
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« EMASAM perturbs the model using the
formula:

(wy —

MASAN — wEMASAM)
ePMASAM _ GtopGrad | p L

i =R,

« At the perturbed position, compute the
loss gradient.

« Use the computed gradient to update
the original model.

« Update the separate EMA model.

EMASAM
Wy

— quEMASAM

4+ (1 _ a)(wt _ HVL(w,};EMASAM + 8?MASAM))
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EMASAM Algorithm & ikl

Algorithm 1: EMASAM

Input: training data S, learning rate n, perturbation radius p, EMA
cocflicient «

Initialize weights wo, EMA weights wg;MASAM

fort=0to7 —1do

Sample mini-batch By C S

EMASAM

- EMASAM |, _EMASAM EMASAM wi —w
Perturb weight: w; + €% — wy +p ”(wtt i — |i
—w! .

Compute gradient: VL (wpMASAM 4 (EMASAM)

Update main model: w41 < wy — nVL(’wf:MASAM -+ SIE‘MASAM)
Update EMASAM model: w145 4M «— aufMASAM L (1 — o)w, 4y

end

return w41, wEﬂ“lASAM

used for evaluation/inference
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Method Comparison

SGD
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Experiments
Hyperparameter tuning

Table 1: Accuracies (%) for hyperparameter tuning of EMASAM on ResNet-50

on CIFAR-100

p

with normalization

w /0 normalization

0.01

0.02

0.05
0.1
0.2
0.5
1.0
2.0
5.0

81.7440.24
81.44+0.13
81.46+0.26
81.26+0.47
81.24+0.17
81.65+0.32
81.74+0.37

82.341+0.54

81.8240.17

80.85+0.33
81.03+0.39
80.55+0.17
81.38+0.24
81.1540.15
80.58+0.58
81.46+0.18
81.714+0.37
81.54+0.24

Bold = The best accuracy, Underline = Second best accuracy

* Each setup was done 3 times, the mean accuracy and standard deviation are reported.
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Experiments

Accuracy Comparisons using ResNet-18.

Table 2: Accuracies (%) of models trained with ResNet-18

Method CIFAR-10 | CIFAR-100 |Fashion-MNIST| EMNIST |Average
Vanilla (SGD) 94.574+0.07 | 77.624+0.47 | 89.81+0.78 | 88.07+0.24 | 87.52
SAM |[11] 96.09+0.03 | 79.80+0.29 | 92.21+0.14 (90.11+0.02| 89.55
SS-SAM [39] 95.644+0.31 | 79.344+0.85 | 91.93+0.74 | 89.754+0.17 | 89.17
AE-SAM 95.7940.08 | 78.714+0.55 | 92.3940.19 | 90.02+0.12 | 89.23
MSAM [1] 94.84+40.14 | 78.184+0.16 | 92.21+0.21 | 89.394+0.48 | 88.65
EMA 96.04+0.11 | 79.254+0.25 | 90.98+0.14 | 88.01+0.15 | 88.57

EMA | RandPerturb| 93.344+0.03 | 74.794+0.13 | 91.60+0.16 | 89.93+0.11 | 87.42
EMASAM [Ours| |96.23+0.09(79.87+0.17| 93.36+0.11 | 90.084+0.10 | 89.88

Bold = The best accuracy, Underline = Second best accuracy

* Each setup was done 3 times, the mean accuracy and standard deviation are reported.
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Experiments

Accuracy Comparisons using ResNet-50.

Table 3: Accuracies (%) of models trained with ResNet-50

Method CIFAR-10 | CIFAR-100 |Fashion-MNIST| EMNIST |Average
Vanilla (SGD) 94.56+0.15 | 77.21+0.09 | 90.87+1.03 | 88.444+0.16 | 87.77
SAM [11] 96.00+0.13 | 79.41+0.61 | 92.33+0.24 | 89.254+0.60 | 89.25
SS-SAM [39] 95.634+0.18 | 79.914+0.26 | 92.224+0.00 | 89.43+0.11 | 89.30
AE-SAM [16] 95.454+0.33 | 78.824+1.32 | 92.184+0.09 | 89.02+0.11 | 88.87
MSAM [1] 93.16+0.21 | 78.16+0.73 | 90.41+0.24 | 88.414+0.53 | 87.54
EMA 96.49+40.06 | 81.50+0.23 | 90.38+0.10 | 87.96+0.09 | 89.08

EMA | RandPerturb| 92.9240.03 | 74.904+0.46 | 91.204+0.07 | 89.61+0.07 | 87.16
EMASAM [Ours| |96.78+0.20|82.341+0.54| 92.57+0.10 [89.91+0.01| 90.40

Bold = The best accuracy, Underline = Second best accuracy

* Each setup was done 3 times, the mean accuracy and standard deviation are reported.

=

Institute of

SCIENCE
TOKYO

22



Experiments s TOKYG
Accuracy Comparisons using WideResNet-28-10.

Table 4: Accuracies (%) of models trained with WideResNet-28-10

Method CIFAR-10 | CIFAR-100 |Fashion-MNIST| EMNIST |Average
Vanilla (SGD) 95.83+0.11 | 81.50+0.27 | 89.544+0.88 | 86.67+0.38 | 88.39
SAM [11] 96.961+0.05 |84.054+0.27| 91.63+0.26 | 89.584+0.13 | 90.55
SS-SAM [39] 96.75+0.15 | 83.03+0.09 | 91.5440.26 |89.74+0.15| 90.26
AE-SAM [16] 96.964+0.08 | 83.40+0.10 | 91.89+0.40 | 89.554+0.13 | 90.45
MSAM [1] 95.74+0.02 | 82.27+0.13 | 91.634+0.40 | 87.894+0.32 | 89.38
EMA 96.70+£0.01 | 81.96+0.02 | 90.394+0.23 | 86.104+0.19 | 88.79

EMA | RandPerturb| 94.7340.06 | 77.754+0.17 | 91.76+0.03 | 90.03+0.11 | 88.57
EMASAM [Ours| (97.134+0.13| 82.96+0.04 | 92.94+0.09 | 89.424+0.02 | 90.61

Bold = The best accuracy, Underline = Second best accuracy

* Each setup was done 3 times, the mean accuracy and standard deviation are reported. 23



Experiments

Accuracy Comparisons using PyramidNet-110.

Table 5: Accuracies (%) of models trained with PyramidNet-110

Method CIFAR-10 | CIFAR-100 |Fashion-MNIST| EMNIST |Average
Vanilla (SGD) 94.084+0.04 | 75.924+0.39 | 87.844+1.00 | 89.03+0.20 | 86.72
SAM |[11] 95.914+0.04 | 79.154+0.52 | 91.534+0.30 | 89.164+0.27 | 88.92
SS-SAM [39] 95.49+0.25 | 80.194+0.16 | 91.02+0.96 | 88.414+0.28 | 88.58
AE-SAM |[16] 96.10+0.46 | 79.2240.90 | 91.47+0.33 | 89.3840.10 | 89.04
MSAM |[1] 93.614+0.35 | 77.494+0.25 | 90.324+0.30 | 88.394+0.26 | 87.45
EMA 96.584+0.05 | 80.744+0.41 | 89.48+0.38 | 86.78+0.21 | 88.40

EMA | RandPerturb| 93.634+0.11 | 73.1940.19 | 91.02+0.01 |89.86+0.07| 86.22
EMASAM [Ours| (96.77+0.05(81.86+0.27| 92.56+0.10 | 89.694+0.06 | 90.22

Bold = The best accuracy, Underline = Second best accuracy

* Each setup was done 3 times, the mean accuracy and standard deviation are reported.
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Experiments s TOKYG
Accuracy Comparisons using ResNet-50 on ImageNet-1k dataset.

Table 6: Accuracies (%) of models trained with ResNet-50 on ImageNet-1k

Method Top-1|Top-5
Vanilla (SGD) 76.45 | 93.22
SAM |[11] 76.71|93.32

SS-SAM [39] 76.64 (93.48
AE-SAM |[16] 76.68 | 93.41
MSAM (1] 75.83 | 92.87
EMA 76.51 | 92.87

EMA | RandPerturb| 60.58 | 83.07
EMASAM [Ours| |76.87]93.23

Bold = The best accuracy, Underline = Second best accuracy

295



Experiments s TOKYG
Accuracy Comparisons using ViT-B/16 on ImageNet-1k dataset.

Table 7: Accuracies (%) of models trained with ViT-B/16 on ImageNet-1k

Method Top-1|Top-5
Vanilla (AdamW) |69.16 | 87.79
SAM |[11] 71.19|89.21

SS-SAM [39] 69.58 | 88.28
AE-SAM |[16] 72.06| 89.97
MSAM (1] 71.59 | 89.48
EMA 71.04 | 89.42

EMA | RandPerturb| 46.67 | 70.12
EMASAM [Ours| |72.00{90.15

Bold = The best accuracy, Underline = Second best accuracy
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Experiments s TOKYG
Number of backpropagation VS test accuracy

82.5 = 77
P o) EMASAM [Ours]
81.5 (] 4
‘ EMA 76.8 AE-SAM [25]

— 80.5 —_ ® SAM [17]
o = o
S ¢ SS-SAM (24] X 76.6 EMA " ss.5aM [24]
> 79.5 ® SAM [17] S E
® ® ® 76.4 = C(3)
g 785 AE-SAM [25] 3
&’ 2 76.2
5 77.5 g "
~ 76.5 © MSAM [26] =

75.5 ® SGD 75.8 . MsAM [26]

© EMA + RandPerturb
74.5 75.6
0.5 1 1.5 2 2.5 0.5 | 1.5 2 2.5
Number of Backpropagation per Number of Backpropagation per
Training Step Training Step
(a) ResNet-50 on CIFAR-100 (b) ResNet-50 on ImageNet-1k

Number of backpropagation and test accuracy comparison among
models trained with ResNet-50 on CIFAR-100 and ImageNet-1Kk.
(upper-left — more favorable)
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Conclusions s SCIENCE

- This research proposed EMASAM, which replaces the gradient-based perturbation
with EMA-guided perturbation

- EMASAM removes extra gradient calculation in the perturbation step.

- Empirical results prove that EMASAM helps reduce the computational cost while
keeping the generalizability of the SAM-like algorithm.
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Future work s TOKYO.

- Evaluation on more datasets and models.
- Extending to other applications such as object detection or segmentation.

- Investigation on other perturbation strategies that don’t require an additional
hyperparameter.
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