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Introduction ICPR

« A fundamental limitation of deep convolutional neural network (DCNN)
v Due to the strong dependency on training data, DCNN is fragile to domain shifts.
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e Definitions

v Image domain indicates the contextual characteristic of an image set, which is
affected by the process of image production.

v Domain shift is statistical difference of data distributions between two domains.
* |t degrades the performance of DCNN.

 Naive Solution to Overcome Domain Shifts

v Preparing a large number of images & labels in the domain of interest.
» Very costly and sometimes impossible.

 Alternative: Algorithmic Approach

v To overcome domain shifts via domain adaptive learning schemes.
» Called “Domain Adaptation” (DA).
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* Unsupervised Domain Adaptation (UDA) «— Majority of previous methods
v Feature-level adaptation approach [5, 8, 9, 10, 12, 13].
v’ Pixel-level adaptation approach [6, 7, 11].

 Limitations of UDA approaches
v’ Discriminative power in target domain is not guaranteed.
v"Not robust to large domain shifts (e.g., shape variations).
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« Semi-Supervised Domain Adaptation (SSDA)
v In comparison with UDA, a few labeled images are additionally given for training

« SSDA via Minimax Entropy (MME) [14]

v'Update to increase entropy w.r.t. Classifier
v'Update to decrease entropy w.r.t. Feature extractor

Class1 Class?2 ‘ Baseline Few-shot Learning Method ‘
» Entire Network Optimization without unlabeled examples
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« Motivation of the proposed SSDA method

v Exploit the labeled target images to assign pseudo labels to unlabeled target images
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« Step #1: Training a Baseline Network for Generating Pseudo Labels
v MME [14] for baseline SSDA
v Pseudo label is assigned to every unlabeled target image

« Step #2: Selective Pseudo Labeling
v’ Selecting restricted amount of pseudo labels for high reliability

» Step #3: Label-Noise Robust Training via Progressive Self-Training
v'Pseudo labels are inevitably noisy
v Apply a learning scheme that is robust to noisy labels
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« Overview of the proposed method

Stage 1 (Ordinary Pseudo Labeling)
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« Step #1: Training a Baseline Network for Generating Pseudo Labels
v Image sets
« Labeled source images: D, = {(xf,yf)}’lf‘;l
- Labeled target images: D, = {(xf,yi’f)}?:t1
- Unlabeled target images: D, = {x¥*}7*,

v’ Generate two kinds of pseudo label for x}*

« Hard label: $ = argminp(y = k|x}")
ke{1,..K}

« Soft label: §* = [p(y = 1|x{"), ..., p(y = K|x}")]
- Pseudo labeled target images: D, = {(x}", ¥, 9}
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« Step #2: Selective Pseudo Labeling

Source Domain |
(Real) -

Class 1 Class?2
(Zebra) (Tiger)

@ A Labeled Source

@ A Labeled Target
O /\  Unlabeled Target

_—— Class Boundary

A
AAA

A p

A AAA

d(A)—(B) 2091
d(A)—(C) = 1 64

Target Domain
(Sketch)

Computational Intelligence Lab.




KAIST nlll
Proposed Method ICPR

« Step #2: Selective Pseudo Labeling
v Applied independently for each image category
v For the j-th unlabeled image, a pairwise distance d; is calculated

1 o t -
&y = o D_[IE6e) — £6l,

i=1

v’ Sort the unlabeled images based on the magnitude of d;, and determine n, samples
as pseudo labels

v'r, = 0.2 as default
v'Pseudo labeled target images: D;, = {(x}", ¥ 91D},
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« Step #2: Selective Pseudo Labeling

v’ Reliability of pseudo labels is enhanced after the selective pseudo labeling stage

Reliability of pseudo labels in terms of correctness [%]
"Before—After” the selective pseudo labeling stage

Clipart to Sketch (C to S)

Net
1-shot 3-shot

Painintg to Real (P to R)
I-shot 3-shot

AlexNet | 35.2—61.6 41.0—64.8
VGG-16 | 51.2—72.5 54.6—76.4

7. 7T—83.8 060.7—85.8
72.2—88.6 75.0—-92.3
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« Step #3: Label-Noise Robust Training via Progressive Self-Training
v The selected pseudo labels are still not completely reliable (Noisy)
v Apply a label noise-robust learning scheme

« Joint Optimization Framework for Learning with Noisy Labels [17]
v’ Alternately updating 1) the network and 2) the noisy label set
v"Utilize the output prediction (soft labels) for training the network
v Comparison of [17] and this work

* [17]: Noisy labels are manually generated via simulation
» This work: Directly employ noisy pseudo labels
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 Final Objective Function

Baseline (MME [14]) Proposed
/

Lr =|L; + AH ML

Lc =|L, — AH L,

L) = IIEI(X,y)EDS,Dt Lee(p(x),y)
K
H=Exen, ) p(y =il log(p(y = i1x)

y* is updated for
/ every validation phase

Ly = E(x,y)ef){‘t Lee(P(X),¥)
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 Datasets

- LSDAC [3] Office-Home [18] Office [19]
: Number Of. 126 classes 65 classes 31 classes
image categories
4 4 3
Domains (Real, Clipart, (Real, Clipart, Art, (Amazon,
Painting, Sketch) Product) Webcam, DSLR)
DA scenarios 7 12 2
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* Image samples in the LSDAC dataset [3]

Alarm Clock Bear Giraffe  Pineapple
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« Experimental Setups
v Trained on Dq, D, (1-shot or 3-shot), and D,,
v Tested on: D,

 Baseline Networks
v AlexNet [27], VGG-16 [28], and ResNet-34 [29]
v To demonstrate the robustness across various network architectures

* Implementation
v Framework: PyTorch [32]
v'GPU: A single NVIDIA Titan-X (Pascal Archit.)
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* DA Methods in Comparison
v S+T
* Trained on D, and D;
v'DANN [4], ADR [20], CDAN [5], ENT [21]
« UDA methods that are trained with the SSDA setup (+ D;)
v MME [14]
* The baseline SSDA method
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TABLE 11
QUANTITATIVE. EVALUATION RESULTS ON LSDAC DATASET IN TERMS OF ACCURACY (%).
Net Method R to C R to P PtoC Ctos S to P Rtos P to R MEAN
I-shot 3-shot 1-shot 3-shot 1-shot 3-shot I-shot 3-shot 1-shot 3-shot l-shot 3-shot 1-shot 3-shot l-shot 3-shot
S+T 433 47.1 424 450 40.1 449 336 364 357 384 201 333 558 587 40.0 434

DANN 433 461 41.6 438 39.1 410 359 365 369 389 325 334 536 573 404 424
ADR 43.1 462 414 444 393 436 328 364 331 389 291 324 559 573 39.2 427
AlexNet CDAN 46.3 46.8 457 450 383 423 275 205 302 337 288 313 56.7 387 39.1 41.0
ENT 370 455 356 426 268 404 189 31.1 151 296 18.0 296 522 60.0 29.1 398
MME 489 55,6 48.0 49.0 46.7 5177 363 394 394 430 333 379 568 60.7 442 482
Proposed 542 583 48.8 517 49.0 551 389 435 447 484 375 41.2 60.2 633 47.6 51.6

S+T 49.0 523 554 5677 477 510 439 485 508 551 379 450 69.0 71.7 505 543

DANN 439 56.8 420 575 373 492 4677 482 519 556 302 456 658 70.1 454 547

ADR 483 50.2 546 56.1 473 515 440 490 507 535 386 447 676 709 50.2 537

VGG-16 CDAN 57.8 581 578 59.1 51.0 574 425 472 512 545 426 493 717 746 535 57.2
ENT 39.6 503 439 546 2064 474 270 419 291 51.0 193 397 682 725 36.2 511

MME 60.6 64.1 633 635 57.0 607 509 554 605 609 502 548 722 753 59.2 621

Proposed 645 68.0 63.7 649 605 644 537 574 625 634 527 575 73.0 749 61.5 644

S+T 55,6 60.0 60.6 622 568 594 508 550 560 595 463 501 718 739 56.9  60.0

DANN 582 598 614 628 563 596 528 554 574 599 522 549 703 722 584 60.7

ADR 571 607 61.3 619 57.0 60.7 510 544 560 599 490 51.1 720 742 57.6 60.4

ResNet-34 CDAN 65.0 69.0 649 673 637 684 531 578 634 653 545 59.0 732 785 62.5 66.5
ENT 652 T71.0 659 692 654 T1.1 546 600 597 621 521 61.1 750 786 62.6 67.6

MME 700 722 677 697 69.0 7T1.7 563 618 648 668 61.0 619 76.1 785 66.4 689
Proposed 724 739 694 715 T1.6 739 617 633 667 69.0 625 651 788 804 69.0 71.0
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 Ablation studies
v’ Ratio of selecting pseudo labels (1)
» Selecting moderate amounts of pseudo labels is encouraged

T 0.01 0.05 0.20 0.50 1.00
CtoS | 41.7 428 43.5 43.1 424
PtoR | 60.5 62.1 63.3 629 62.0

v ‘With’ vs. ‘Without’ applying label noise-robust learning scheme
« ‘Without’ indicates: Training with fixed hard pseudo labels

. _ ) CtoS PtoR
Whether applied 1-shot 3-shot 1-shot 3-shot
Yes 38.9 43.5 60.2 63.3
No 37.7 42.1 H&.3 61.9
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* In this paper, we have introduced a novel SSDA method for image classification.

* The key idea is to exploit labeled target images to find out reliable pseudo labels for the
unlabeled target images.

» The proposed SSDA method outperforms previous state-of-the-art method by 2.7%, 0.9%,
and 2.2% for LSDAC, Office-Home, and Office datasets, respectively.
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