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Domain Adaptation

Domain adaptation (DA)
Domain shift or covariate shift problem deteriorates the performance of the model

Adapting a model trained on labeled source domain data to unlabeled target
domain data
e.g. Using a self-driving model trained under sunny conditions for application during rainy days

Source-free domain adaptation (SFDA)

Source domain data can be inaccessible or difficult to obtain
Cost, privacy concern, ...

SFDA uses only a model pretrained on the source domain data
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-- D, = {( 27yz i=1 —_’B B—b Cross-entropy loss
% - Source domain data

Feature extractor Classifier

Weights initialization
Target Dataset (2) Adaptation stage

m ﬂ Dy = {Xt} — — z, = f(x}) —> — p; = 8(g(z;)) =»| Adaptation loss

-} Target domain data Target feature Prediction




Data Augmentation

Data augmentation (another DA)
Increasing the diversity of the training dataset by applying transformations

Improving the generalization performance of the model

Flip — Color distortion —{ Cutout

Reliance on domain knowledge

Not using class-preserving transformations can lead to a decrease in model performance

Predefined transformations require strong domain expertise
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Method

Augmentation graph on feature space

Clustering assumption of source model

Target domain data that share the same semantic information are mapped to their
neighbors in the feature space of the pretrained model

Augmentation assumption of target domain data

Target domain data sharing class semantic information may have highly nonlinear
functions to transform each other

Z ={z = f(x")|x' ~ P(X")}

ei; =e(z;,z;) = Pr(z; € J;fz)

set of neighbors of z;

Population augmentation graph G(Z,¢e), where (
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Method

Finding partition on prediction space
We build an instance of population augmentation graph G using target domain data
We consider K-nearest neighbors of z;, denoted by N , in the feature memory bank F
Then, we employ spectral clustering on the graph

Spectral neighborhood clustering (SNC) loss on G
Identify partitions in the augmentation graph

Lsne(p:i) = E p; pj + E (] pk
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Method

Implicit feature augmentation (IFA)
We aim to Simulate the effect of an unlimited number of augmented features

With minimal computational and memory overhead

First, we augment target features using estin z;, Zx, - - - ~ N(z;, AXy,)
covariance matrices based on pseudo-labels:
Then, we derive the upper bound for the expected (logarithm of) SNC loss

Lora(2is £,9) = Bz, N (2050 [BanN(zi050) [—logﬁ?;ﬁk]]
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Method

Feature disentanglement (FD)
Encourage each direction in the feature space to represent different semantics

Maximize the cosine distance between covariance matrices corresponding to
similar classes
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Method

Final objective

I&lin Lsne + a1 Lipa + asLep
g

Pseudo code

Algorithm 1 Adaptation procedure of SF(DA)?

Require: f and g (trained on D,), D; = {x!}1t

1: while training loss is not converged do

2:  if epoch start then

3: Update a;; for FD loss

4:  endif

5:  Sample batch B from D; and update F, S
6:  Retrieve neighbors N for each z; in B
7.  Update f and g using SGD

8 Vg Lsne + a1 Lipa + a2 LED

9: end while




Experiments

Evaluation results

Table 1: Accuracy (%) on the VisDA dataset (ResNet-101).

Method | SF | plane bicycle bus car horse knife mcycl person plant sktbrd train truck | Per-class

BSP [4] X 924 610 810 575 89.0 806 90.1 770 842 779 821 384 75.9
SAFN [34] X [ 936 613 841 706 941 790 918 796 899 556 890 244 76.1
MCC [11] X | 887 803 805 715 901 932 850 716 894 738 850 369 78.8
FixBi [19] X [ 961 878 905 903 968 953 928 88.7 972 942 909 257 87.2
Source only [9] - |1 609 216 509 676 658 63 822 232 573 306 846 8.0 46.6
3C-GAN [15] v | 948 734 688 748 931 954 886 847 89.1 847 B35 481 81.6
SHOT [17] v | 946 875 804 595 929 951 831 802 909 892 858 569 83.0
NRC [35] v | 961 908 839 615 957 957 844 807 940 919 89.0 595 85.3
CoWA-JMDS v | 962 906 842 755 965 97.1 882 856 949 930 892 535 87.0
AaD [37] v | 968 893 838 828 965 952 900 81.0 957 929 889 546 87.3
DaC v | 966 868 864 784 964 962 936 838 968 951 89.6 50.0 87.3
SF(DA)? v | 968 893 829 814 968 957 904 813 955 937 885 647 88.1

Table 2: Accuracy (%) on 7 domain shifts of the DomainNet-126 dataset (ResNet-50).
Method | SE| S»P C—S P—=C P—R R—S R—C R—P | Avg
MCC [E ‘ X | 47.3 34.9 41.9 724 35.3 44 .8 65.7 | 48.9
Source only [9] 50.1 469 530 750 463 555 627 | 556

TENT [32] 524 485 579 670 540 58.5 65.7 | 57.7
SHOT 66.1 60.1 669 808 599 67.7 684 | 67.1

AdaContrast [3]
SF(DA)?

659 580 686 805 615 702 698 | 67.8
67.7 596 67.8 835 602 688 705 | 68.3
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Experiments
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Table 4: Accuracy (%) on the VisDA-RSUT dataset (ResNet-101).
Method | SF | plane bicycle bus car horse knife mcycl person plant sktbrd train truck | Per-class

DANN X | 717 357 585 21.0 80.9 73.0 457 237 122 43 1.5 09 358
BSP X | 1000 57.1 689 56.8 837 267 78.7 16.2  63.7 1.9 0.1 0.1 46.2
MCD [26] X | 630 414 B840 673 866 939 356 763 841 113 50 3.0 58.5
Source only [9] - | 79.7 1577 406 77.2 66.8 11.1 85.1 129 483 143 646 33 433
SHOT [17] v | 8.2 481 77.0 62.8 920 662 90.7 613 769 735 672 0Ol 67.6
CoWA-JIMDS v | 63.8 329 695 599 932 954 923 694 851 684 649 323 68.9
NRC [35] v | 862 476 667 68.1 947 766 937 63.6 873 89.0 836 205 73.1
AaD [37] v | 739 333 566 714 90.1 970 919 70.8 881 872 812 394 73.4
SF(DA)? v | 790 433 736 747 928 983 934 79.1 90.1 875 8l.1 342 77.3

The proposed IFA loss significantly improves the performance of existing methodologies
as well as SNC in imbalanced SFDA
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Thank you!

TL;DR
a novel SFDA method that leverages intuitions derived from data
augmentation

Summary
Provide a fresh perspective on SFDA by interpreting it through the lens of
data augmentation
Propose the spectral neighborhood clustering (SNC) loss and derive the
implicit feature augmentation (IFA) using the augmentation graph in
the feature space
Outperform existing methods under SFDA settings, especially with
imbalanced classes

More details can be found in our paper and code!



