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Summary

» In this work, we seek to learn generalizable features from a frequency perspective for domain
generalization.

* We propose Deep Frequency Filtering (DFF) for learning domain-generalizable features, which
Is the first endeavour to explicitly modulate the frequency components of different transfer
difficulties across domains in the latent space during training.

» To achieve this, we perform Fast Fourier Transform (FFT) for the feature maps at different
layers, then adopt a light-weight module to learn instance-adaptive attention masks from the
frequency representations after FFT to enhance transferable components while suppressing the
components not conducive to generalization.



JUNE 18-22, 2023

HE - :
VANCOUVER, CANADA

Background

Domain Generalization (DG) seeks to break through the i.i.d. assumption.

Learning generalizable feature representations is of high practical value for both industry and
academia.

Frequency analysis has been widely used in conventional digital image processing for decades.

Recently, frequency-based operations,e.g., Fourier transform, set forth to be incorporated into deep
learning methods for different purposes.
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Motivation

DNNs have preferences for some frequency components
In the learning process and indicated that this may affect
the robustness of learned features.

l

The frequency components of different
cross-domain transferability are

dynamically modulated in an end-to-end
manner during training.
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Overall framework
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Experiments

Task-1: the close-set classification task Task-2: the open-set retrieval task, i.e., person re-
identification (RelD).

Train Train -

Test
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Ablation Studies

Frequency-domain v.s. Original-domain filtering
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Source— Target
Method MS+CS+C3—MA | MS+MA+CS—C3 | MA+CS+C3—MS

mAP R1 mAP R1 mAP R1
Base 594 83.1 30.3 29.1 18.0 41.9
SBase (FFC) 66.2 84.7 35.8 354 19.4 44.8
Ori-F in f; 66.9 85.0 36.2 359 19.8 45.1
Ori-Fin f, 61.9 83.5 32.7 31.9 18.4 42.8
Fre-F (Ours) 711 87.1 41.3 41.1 25.1 50.5
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Ablation Studies

The importance of instance-adaptive attention
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Source— Target
Method MS+CS+C3—-MA | MS+MA+CS—C3 | MA+CS+C3—MS
mAP R1 mAP R1 mAP R1
Base 59.4 83.1 30.3 29.1 18.0 41.9
Task.(C) 62.7 80.0 32.1 31.4 19.5 44.9
Task.(S) 68.6 85.8 37.0 36.3 20.8 45.4
Ins.(C) 69.8 86.2 36.4 35.9 21.0 45.7
Ins.(S) (Ours) 71.1 87.1 41.3 41.1 25.1 50.5

VANCOUVER CANADA
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Experiments

* On close-set classification task

Method Source— Target Ave
ClL,PrrRw—Ar | Ar,Pr,Rw—Cl | Ar,CLLRw—P | Ar,Cl,Pr—Rw
Baseline S22 45.9 70.9 132 60.5
CCSA [51] 599 49.9 74.1 i 54 64.9
D-SAM [15] 58.0 44 .4 69.2 115D 60.8
MMD-AAE [35] 365 47.3 720 74.8 627
CrossGrad [61] 58.4 494 73.9 75.8 64.4
JiGen [%] 53.0 47.5 gl 72.8 61.2
RSC [29] 58.4 47.9 71.6 74.5 63.1
MixStyle [£5] 58.7 53.4 74.2 75.9 65.5
Ours 654 53.7 74.9 76.5 67.6
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Experiments

On open-set person re-id task
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Target:VIPeR(V) | Target:PRID(P) | Target:GRID(G) | Target:iLIDS(I) | Mean of V,P,G.I

Method Source. | —gy mAP Ri  _mAP | RI mAP | RI__mAP | Rl _mApP
CDEL [43] All 385 . 57.6 . 33.0 = 62.3 - 479 :
DIMN [62] All 512 60.1 392 520 | 293 411 | 702 784 | 475 579
DDAN [9] All 565 608 | 629 675 |462 509 |780 812 | 609 651
RaMOoE [15] All 566 646 | 577 673 | 468 542 |80 902 |615  69.1
SNR [31] All 492 580 | 473 604 |394 490 |773 840 |533 629
CBN [90] All 490 592 | 613 657 | 433 478 | 753 794 |572  63.0
Person30K [2] All 539 604 | 606 684 |509 566 |793 839 |61l 673
DIR-RelID [80] All 583 629 | 711 756 | 478 521 | 744 786 | 629 673
MetaBIN [13] All 562 660 | 725 798 |497 581 | 797 855 |645 724
QAConv., [42] | AllwloD | 57.0 663 | 523 622 | 486 574 | 750 819 |582 670
M>3L, [84] AllwoD | 608 682 |550 653 |400 505 |650 743 |552 646
MetaBIN [13] | Allw/oD | 559  64.3 612 708 |502 579 | 747 827 |605 689
Ours AllwoD | 657 742 | 718 786 |564 655 |83.6 883 | 694 767
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Experiments

« On open-set person re-id task

Market-1501 CUHKO3 MSMTT7

Method Source AP RI Source AP Rl Source AP Rl
SNR 31 36 627 30 89 68 199
ML [84] 584 799 209 319 159 369
ML [84] 615 823 342 344 167 375
OAClonv,, [AF] | PoFSTE8 | g gy | R | gey g | RIEES | e ama
MetaBIN [13] 579 800 288 281 178 402
Ours 711 87.1 M3 411 251 50.5
SNR 1] 524 778 75 17.1 77 220
M3L [84] 612 812 323 338 162 369
ML [84] Com- 624 827 Com- 357 365 Com- 174 386
QAConv., [42] | (MS+CS+C3) | 665 850 | (MS+CS+MA) | 329 333 | (CS+MA+C3) | 17.6 466
MetaBIN [13] 672 845 130 431 188 412
Ours 810 923 515 512 253 518
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Experiments

« Complexity Analysis

Model #Para GFLOPs Acc. Model #Para GFLOPs Acc.

ResNetl8 | 11.7M 1.8 69.8 || ResNet50 | 25.6M 4.1 76.3
DFF-R18 | 12.2M 2.0 72.3 || DFF-R50 | 27.7M 4.5 17.9
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Visualization

* Visualization of Learned Masks

i1 ID-2 ID-2 ID-2 ID-3
Low-layer Mlddle-layer Deep-layer

Low
Frequency

High
Frequency
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Visualization

Visualization of Learned Feature Maps
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Conclusion

. Contribution 1: We conceptualize Deep Frequency Filtering (DFF), which is a new
technique capable of enhancing the transferable frequency components and suppressing
the ones not conducive to generalization in the latent space.

. Contribution 2: We conduct an empirical study for the comparison of different design
choices on implementing DFF and find that the instance-level adaptability is required when
learning frequency-space filtering for domain generalization.

. Broad Impact: We leave the exploration on more instantiations of our conceptualized DFF in
future work and encourage more combinations and interplay between conventional signal
processing and deep learning technologies.
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Thanks for watching!
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