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Motivation

Domain Adversarial Training (DAT)

Task Loss
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Eg. Cross entropy
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Overall Objective: Task Loss + Adversarial Loss

00000




Sharp vs Flat Minima

Converging to a flatter (smooth) region in loss landscape with supervised learning leads to
effective generalization on same domain as compared to sharp minima.
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We analyze the effect of smoothness (i.e. flatness) enhancement for Domain Adversarial Training.
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https://research.samsung.com/blog/ASAM-Adaptive-Sharpness-Aware-Minimization-for-Scale-Invariant-Learning-of-Deep-Neural-Networks

Approach

Analysis of Smoothness of Task Loss
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Approach

Smoothness of Task Loss Is Beneficial

Hessian of Source Risk (Task Loss) is used to analyze the loss landscape.
Plot of spectral density of eigen values of Hessian is given below.
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Low A__ and low Tr(H) indicate convergence to smooth region.



Approach

Smoothness stabilizes Domain Adversarial Training
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Approach

Smoothness stabilizes Domain Adversarial Training

Infograph- Clipart
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Approach

Analysis of Smoothness of Adversarial Loss

Task Loss
R (ho)
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Approach

Analysis of Smoothness of Adversarial Loss

Theorem 2 (Informal Remark): We show
that for a class of functions (gradient
lipschitz) that the discriminator is
suboptimal between source and target
domain, when smooth version of
adversarial loss is used.



Approach

Analysis of Smoothness of Adversarial Loss
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Smooth Domain Adversarial Training (SDAT)

Sharpness-Aware Minimization (SAM) [1]

min max L (0 + €) é(0) ~ argmax Lop;(0) + €' Vo Lo; (6)
0 llell<p lell<p

= pVoLob;i(0)/||VeLobj(0)||2

Smooth Domain Adversarial Training:
Smooth Minima w.r.t task loss (Empirical Source Risk)

min max max Ex,\,ps [l(h9+€($),y($))] + d(gT
0 @ |le]|<p ’

[1] Foret, Pierre, et al. "Sharpness-aware minimization for efficiently improving generalization.", ICLR 2021.



Approach

Smooth Domain Adversarial Training (SDAT)
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Approach

SDAT: Easy to Implement and Integrate

SDAT can be easily integrated with
various Domain Adversarial Training
methods with only a few lines of
changes in the code.

SDAT leads to significant gain in the
accuracy on the target domain on
combination with domain adversarial
methods.

class_prediction, feature = model (x)
task_loss = task_loss_fn(class_prediction,
task_loss.backward ()

label)

# Calculate € (w) and add it to the weights
optimizer.first_step()

# Calculate task loss and domain loss
class_prediction, feature = model (x)
task_loss = task_loss_fn(class_prediction,
domain_loss = domain_classifier (feature)
loss = task_loss + domain_loss
loss.backward()

label)

# Update parameters (Sharpness—Aware update)
optimizer.second_step ()

# Update parameters of domain classifier
ad_optimizer.step()



SDAT in Practice (Office-Home Dataset)

Method | | ArCl Ar-Pr Ar-Rw CRAr CEPr CERw PrAr ProCl Pr-Rw RwsAr Rw-Cl Rw-Pr | Avg
ResNet-50 (He et al., 2016) 349 500 580 374 419 462 385 312 604 539 412 599 | 461
DANN (Ganin et al., 2016) 456 593 701 470 585 609 461 437 685 632 518 768 | 576
CDAN* (Long et al., 2018) 490 693 745 544 660 684 556 483 759 684 554 805 | 6338

MDD (Zhang etal., 2019) | 2| 549 737 71.8 60.0 714 71.8 61.2 53.6 78.1 72.5 60.2 82.3 68.1
f-DAL (Acunaetal., 2021) | % | 56.7 77.0 81.1 63.1 712.2 75.9 64.5 544 81.0 72.3 584 83.7 70.0
SRDC (Tang et al., 2020) Z| 523 76.3 81.0 69.5 76.2 78.0 68.7 53.8 81.7 76.3 57.1 85.0 71.3
CDAN & 543 70.6 76.8 61.3 69.5 71.3 61.7 553 80.5 74.8 60.1 84.2 68.4
CDAN w/ SDAT 56.0 q2:2 78.6 62.5 732 71.8 62.1 559 80.3 75.0 614 84.5 69.5
CDAN + MCC 57.0 76.0 81.6 64.9 75.9 75.4 63.7 56.1 81.2 74.2 63.9 85.4 71.3

CDAN + MCC w/ SDAT | 58.2 77.1 82.2 66.3 77.6 76.8 63.3 57.0 82.2 74.9 64.7 86.0 72.2 |




SDAT in Practice (Office-Home Dataset)

Method | | ArCl Ar-Pr Ar-Rw CRAr CEPr CERw PrAr ProCl Pr-Rw RwsAr Rw-Cl Rw-Pr | Avg
ResNet-50 (He et al., 2016) 349 500 580 374 419 462 385 312 604 539 412 599 | 461
DANN (Ganin et al., 2016) 456 593 701 470 585 609 461 437 685 632 518 768 | 576
CDAN* (Long et al., 2018) 490 693 745 544 660 684 556 483 759 684 554 805 | 6338
MDD (Zhangetal, 2019) | @| 549 737 778 600 714 718 612 536 781 725 602 823 | 68.1
fDAL (Acunactal,2021) | 4| 567 7720  8L1 631 722 759 645 544 810 723 584 837 | 70.0
SRDC (Tangetal,2020) |%| 523 763 810 695 762 780 687 538 817 763 5.1 850 | 713
CDAN &[ 543 706 768 613 695 713 617 353 805 748 600 842 | 634
CDAN w/ SDAT 560 722 786 625 732 718 621 559 803 750 614 845 | 695
CDAN + MCC 570 760 8.6 649 759 754 637 361 812 742 639 854 | 713
CDAN + MCC w/ SDAT 582 771 82 663 716 7168 633 510 822 49 647 860 [ 722
TVT (Yang et al,, 2021) 749 868 895 828 879 883 798 719 901 855 146 906 | 836
CDAN 626 829 872 792 89 8.1 779 633 887 831 635 908 | 793
CDAN w/ SDAT S| 691 86 889 819 82 80 810 667 8.7 82 721 9.9 | 824
CDAN + MCC 670 848 002 834 873 893 807 644 000 _ 866 704 010 | 832
CDAN + MCC w/ SDAT [708 870 9.5 852 873 897 841 707 906 883 755 921 | 843 |
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Performance on Large Scale DomainNet

Results are shown with “RIREEC Y ) o Muf  pof yesl kb | Ave
CDAN w/ SDAT. Source (1)
1 - 922.0 41.5 575 47.2 42.1
i Gid) @26) @18 @23 | 2.0
The number in the inf 33.9 - 30.3 48.1 27.9 35.0}
parenthesis refers to the (+2.3) (+1.0) (+4.5) (1.5 | (+2.3)
il 56.7 25.1 53.6 & 43.9 44.8
(+0.9) (+0.7) ((+0.4) (+1.6) | (+1.0)
Kt 58.7 21.8 48.1 57.1 " 46.4
R +2.7)  (+1.1) (+2.8) (+2.2) (+2.2)
Av 49.2 22.4 43.4 552 40.2 42.1
8 (+2.3) (+1.0) (+1.7) (+2.2) (+1.8) | (+1.8)




Approach

SDAT improves over SOTA i.e. TVT [land CDTrans 12

TVT CDTrans SDAT
modulesinatworks v v 2
Memory requirement ~35 GB ~26.3 GB <12 GB
(For training)
Pretraining ImageNet-21k ImageNet-1k ImageNet-1k
Accuracy (Office-Home) 83.6% 80.5% 84.3%
Accuracy (visDA-17) 83.2% 88.4% 89.8%

[1] Yang, J., Liu, J., Xu, N., & Huang, J. (2021). TVT: Transferable Vision Transformer for Unsupervised Domain Adaptation.
arXiv. https://doi.org/10.48550/ARXI1V.2108.05988

[2] Xu, T., Chen, W., Wang, P., Wang, F., Li, H., & Jin, R. (2021). Cdtrans: Cross-domain transformer for unsupervised domain
adaptation.ICLR 2022.


https://doi.org/10.48550/ARXIV.2108.05988

Conclusion

Conclusion

TLDR: Smooth Minima with respect to task loss leads to effective
generalization on the target domain.

— SDAT is effective across tasks and benchmarks.
— Can be combined easily with any of the domain adversarial methods.
— Very easy to integrate in any framework with few lines of code.

— Provides consistent improvement across both Convnets and
Vision-Transformer based Architecture.
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Code: https://qgithub.com/val-iisc/sdat
Paper: https://arxiv.org/abs/2206.08213



https://github.com/val-iisc/sdat
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