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I Background - Contrastive Learning

* Contrastive Learning

Contrastive
Data zp |—>»| g 0. P
B ’ {(s:ilisi?;??rtf:t]
Data z; | —»| &
O Loss Ly = —Ex |log exp(f(z)" f(z*))

exp(f(2)T f(z+)) + Yiiexp (f(2) f(z;))

v’ Tolearn an encoder £': score(f(z), f(z")) >> score(f(z), f(z 7))
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* Domain Adaptation
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I Setting

* Domain adaptation scenario with only a few source labels.
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Unlabeled Target
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(a) Domain Adaptation With Few Labels
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O In-domain Self-supervision

Pre-train

O Across-domain Self-supervision
[0 Domain Adaptation
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(a) Instance Discrimination (b) Ours
[arXiv’2020]

a) Instance discrimination distinguishes every feature from all the others without considering the domain gap, so that
features of different domains are unlikely to be embedded close together.

b) In order to reduce the domain gap, CDS jointly uses in-domain instance discrimination and cross-domain alignment to
learn features that are domain-invariant as well as discriminative

Kim D, Saito K, Oh T H, et al. Cross-domain self-supervised learning for domain adaptation with few source labels[J]. arXiv preprint arXiv:2003.08264, 2020.
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I Motivation

Problem with Instance-Prototype Matching
Instance-Instance Matching (Ours)
[arXiv’2020]
O Left: |-l incorrectly matches all orange samples to the same blue sample. O Right: I-P robustly matches samples to the correct prototypes.
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Kim D, Saito K, Oh T H, et al. Cross-domain self-supervised learning for domain adaptation with few source labels[J]. arXiv preprint arXiv:2003.08264, 2020.
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I Method -- PCS

O Structure (Instance to Prototype)
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Figure 2: An overview of the PCS framework. In-domain and cross-domain self-supervision are performed between normalized feature
vectors f and prototypes p computed by clustering vectors v in memory banks. Features with confident predictions (p) are used to
adaptively update classifier vectors w. MI maximization and classification loss are further used to extract discriminative features.

v’ In-domain Prototypical s exp(uj - £7/0) Nt New New
n oma%n roto ).IplCa pm. = — J — : Z Lop(P?,cy(d) +Z Leop(PL (i) 4) Linself = Vi Z EPC
Contrastive Learning Yo exp(us - £7/0) — / — = m—1

[ 1?Ps29" Ps]



) EEp A LE

NANJING UNIVERSITY OF AHRIINALITE S ANN ASTRIINATITE S

I Method -- PCS

O Structure (Instance to Prototype)
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Figure 2: An overview of the PCS framework. In-domain and cross-domain self-supervision are performed between normalized feature
vectors f and prototypes p computed by clustering vectors v in memory banks. Features with confident predictions (p) are used to
adaptively update classifier vectors w. MI maximization and classification loss are further used to extract discriminative features.
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I Method -- PCS

O Structure (Instance to Prototype)
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I Method -- PCS

O Structure (Instance to Prototype)
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v' Mutual Information Maximization Z(y;x) = H(po) — Ex[H(p(y|x:6))], (12)
max H (Ex[p(y[x; 0)]) — Ex[H(p(y|x;0))]
Ly = —Z(y; x) (13)
Lpcs = Leis + Ain * LinSels

(14)
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Table 1: Adaptation accuracy (%) comparison on 1-shot and 3-shots per class on the Office dataset.

Method |

Office: Target Acc. on 1-shot / 3-shots

| A-D A—W D—A D—W WA W—D Avg

SO 275/49.2 | 28.7/46.3 | 409/553 | 65.2/85.5 | 41.1/53.8 | 62.0/86.1 | 44.2/62.7
MME [59] 21.5/51.0 | 122/54.6 | 23.1/60.2 | 609/89.7 | 140/523 | 624/91.4 | 32.3/66.5
CDAN [45] 11.2/43.7 | 6.2/50.1 9.1/65.1 | 548/91.6 | 104/570 | 41.6/89.8 | 22.2/66.2
SPL [71] 120/77.1 | 7.7/80.3 7.3/74.2 7.2/93.5 7.2/644 10.2/91.6 8.6 /80.1

CAN [38] 253/48.6 | 264/453 | 239/41.2 | 694/78.2 | 21.2/393 | 67.3/82.3 | 38.9/558
MDDIA [35] 45.0/629 | 545/654 | 55.6/67.9 | 84.4/93.3 | 53.4/70.3 | 79.5/93.2 | 62.1/75.5
CDS [39] 33.3/57.0 | 35.2/58.6 | 52.0/67.6 | 59.0/86.0 | 46.5/65.7 | 57.4/81.3 | 47.2/69.3
DANN + ENT [ 18] 325/576 | 37.2/54.1 | 369/54.1 | 70.1 /874 | 43.0/51.4 | 58.8/894 | 46.4/65.7
MME + ENT 37.6/69.5 | 425/68.3 | 48.6/66.7 | 73.5/89.8 | 47.2/63.2 | 62.4/954 | 52.0/74.1

CDAN + ENT 31.5/683 | 26.4/71.8 | 39.1/573 | 704/88.2 | 37.5/61.5 | 61.9/93.8 | 44.5/73.5
CDS + ENT 404/61.2 | 447/66.7 | 66.4/73.1 | 71.6/90.6 | 58.6/71.8 | 69.3/86.1 58.5/74.9
CDS + MME + ENT 394/61.6 | 43.6/663 | 66.0/74.5 | 75.7/92.1 | 53.1/73.0 | 70.9/90.6 | 58.5/76.3
CDS + CDAN + ENT | 52.6/65.1 | 55.2/68.8 | 65.7/71.2 | 76.6/88.1 | 59.7/71.0 | 73.3/87.3 | 63.9/75.3
CDS/MME + ENT' | 55.4/75.7 | 57.2/77.2 | 628/69.7 | 84.9/92.1 | 62.6/69.9 | 77.7/95.4 | 65.3/80.0
CDS /CDAN + ENT' | 53.8/78.1 | 65.6/79.8 | 59.5/70.7 | 83.0/93.2 | 57.4/64.5 | 77.1/97.4 | 66.1/80.6
PCS (Ours) 60.2/78.2 | 69.8/829 | 76.1/76.4 | 90.6/94.1 | 71.2/76.3 | 91.8/96.0 | 76.6/84.0
Improvement +4.8/+0.1 | +4.2/+3.1 | 49.7/+19 | +5.7/+09 | +8.6/+3.3 | +14.1/-14 | +10.5/+3.4

L Two-stage training results reported in [39].

ENT: Entropy Minimization
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Table 3: Adaptation accuracy (%) comparison on 3% and 6% labeled samples per class on the Office-Home dataset.

Method | Office-Home: Target Ace. (%)

| Ar »C1 | Ar »Pr | Ar 2Rw | Cl sAr | €1 3Pr | €1 SRw | Pr sAr | Pr 3Cl | Pr 3Rw | Rw sAr | Rw Cl | Rw 3Pr | Avg
3% labeled source
50 244 383 43.1 264 347 337 275 26.5 42.6 412 29.0 523 35.0
MME [59] 4.5 15.4 25.0 287 34.1 37.0 25.6 254 44.9 393 29.0 52.0 30.1
CDAN [45] 5.0 84 11.8 20.6 26.1 27.5 26.6 27.0 403 38.7 255 449 25.2
MDDIA [35] 21.7 37.3 42.8 294 439 44.2 377 295 51.0 47.1 29.2 56.4 39.1
CAN [38] 17.1 30.5 332 225 345 36.0 185 19.4 41.3 28.7 18.6 432 28.6
CDS [39] 335 41.1 419 459 46.0 49.3 44.7 3718 51.0 516 357 53.8 44.4
DANN + ENT [1%] 19.5 30.2 38.1 18.1 218 24.2 3l6 235 48.1 40.7 28.1 50.2 312
MME + ENT 312 35.2 40.2 373 395 37.4 48.7 429 60.9 593 46.4 58.6 44.8
CDAN + ENT 20,6 314 41.2 20.6 24.9 30.6 335 26.5 56.7 46.9 29.5 484 342
CDS + ENT 39.2 46.1 47.8 499 50.7 54.1 48.0 435 593 586 44.3 59.3 50.1
CDS + MME + ENT 394 48.0 52.1 50.0 523 56.4 478 442 60.6 6l.1 453 62.1 51.6
CDS + CDAN + ENT | 438 355 60.2 51.5 56.4 59.6 51.3 46.4 64.5 62.2 524 70.2 56.2
CDS / MME + ENT' 41.7 49.4 57.8 518 523 559 543 46.2 69.0 65.6 522 68.2 554
CDS / CDAN + ENT! 37.7 492 56.5 49.8 51.9 55.9 50.0 423 68.1 63.1 487 67.5 53.4
PCS {Ours) 42.1 6l.5 63.9 523 61.5 61.4 58.0 47.6 739 66.0 525 T5.6 59.7
Improvement -1.7 +6.0 +6.1 +3.7 +5.1 +1.8 +3.7 +1.2 +4.9 +0.4 +0.1 +5.4 +3.5
6% labeled source

50 28.7 45.7 51.2 319 30.8 44.1 37.6 30.8 54.6 49.9 36.0 61.8 42.7
MME [59] 276 43.2 495 41.1 46.6 49.5 437 30.5 61.3 549 373 66.8 46.0
CDAN [45] 26.2 337 445 348 429 44.7 429 36.0 59.3 549 40.1 636 | 436
MDDIA [35] 25.1 44.5 51.9 35.6 46.7 50.3 48.3 37.1 64.5 582 369 68.4 50.3
CAN [38] 204 347 447 29.0 40.4 38.6 333 21.1 534 36.8 19.1 58.0 358
CDS [39] 388 517 54.8 53.2 533 57.0 534 442 65.2 63.7 453 68.6 54.1
DANN + ENT [1%] 224 329 43.5 232 309 333 332 269 54.6 468 327 55.1 36.3
MME + ENT 312 414 30y 46.1 dh.b ay.1 533 436 6l 0.4 4%.1 T2 S
CDAN + ENT 23.1 35.5 49.2 26.1 39.2 438 447 338 61.7 55.1 34.7 67.9 429
CDS + ENT 429 55.5 59.5 55.2 55.1 59.1 54.3 46.9 68.1 65.7 50.6 T1.5 57.0
CDS + MME + ENT 41.7 58.1 61.7 55.7 56.2 61.3 54.6 473 68.6 66.4 50.3 72.1 578
CDS + CDAN + ENT | 454 60.4 63.5 34.9 39.2 63.8 354 49.0 716 66.6 4.1 154 60.1
CDS / MME + ENT' 44.1 L6 63.3 53.9 55.2 62.0 36.5 46.6 70.9 67.7 54.7 74.7 38.4
CDS / CDAN + ENT! 39.0 513 63.1 51.0 55.0 63.6 57.8 459 728 65.8 50.4 73.5 57.4
PCS {Ours) 46.1 65.7 69.2 571 64.7 66.2 614 179 75.2 &67.0 530 T6.6 6.6
T ownissnt .7 +5.3 +1.7 +2.2 +5.5 +21.4 +1.0 -1.1 +2.4 -7 1] +1.2 +21.5

T Two-stage training results reported in [39].
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Table 4: Adaptation accuracy (%) comparison on 0.1% and 19
labeled samples per class on the VisDA-2017 dataset.

VisDA: Target Acc. (%)

Method 0.1% Labeled 1% Labeled
SO 479 514
MME [59] 55.6 69.4
CDAN [45] 58.0 61.5
MDDIA [35] 68.9 71.3
CAN [38] 51.3 57.2
CDS [39] 34.2 67.5
DANN + ENT [18] 44.5 50.2
MME + ENT 54.0 66.1
CDAN + ENT 57.7 58.1
CDS + ENT 49.8 75.3
CDS + ENT + MME 60.0 78.3
CDS / MME + ENT! 62.5 69.4
CDS / CDAN + ENT! 69.0 69.1
PCS (Ours) 78.0 79.0
Improvement +9.0 +0.7

I Two-stage training results reported in [39].
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Table 5: Adaptation accuracy (%) comparison on 1-shot and 3-
shots per class on the DomainNet dataset.

DomainNet: Target Acc. (%)

Method R-C__R-P RS P-C_ P-R (-8 SP Avg
1-shot labeled source
SO 184 306 167 162 289 127 105 19.1
MME [59] 13.8 29.2 9.7 16.0 260 134 144 175
CDAN [45] 16.0 25.7 129 126 195 7.2 8.0 14.6
MDDIA [35] 180 306 159 154 274 93 102 181
CAN [38] 18.3 22.1 167 132 239 11.1 121 16.8
CDS [39] 167 244 11.1 141 159 134 190 164
CDS + ENT 217 301 182 174 205 186 227 215
CDS + MME + ENT | 21.2 28.8 155 158 17.6 190 207 198
PCS (Ours) 39.0 517 398 264 388 237 236 347
Improvement +17.3 +21.1 +21.6 +9.0 +99 +4.7 +09 +13.2
3-shots labeled source
S50 30.2 44.2 257 246 498 242 232 31.7
MME [59] 228 465 145 251 500 201 249 291
CDAN [45] 30.0 40.1 21.7 214 408 17.1 197 273
MDDIA [35] 41.4 50.7 374 314 529 2311 241 373
CAN [3§] 28.1 335 25 247 469 233 201 288
CDS [39] 35.0 43.8 36.7 341 368 311 345 360
CDS +ENT 445 522 409 400 472 330 401 425
CDS + MME + ENT | 438 549  41.1 389 459 328 387 413
PCS (Ours) 45.2 59.1 419 410 66,6 319 374 46.1
Improvement +0.7 +6.9 +08 +1.0 +13.7 -09 -27 +3.6
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O Ablation Study

SR by S > 3
A} &R AAE

Table 2: Performance contribution of each part in PCS framework on Office.

Office: Target Acc. on 1-shot / 3-shots

Method
A—D A—W D—A D—W W—A W=D Avg

Las 275/492 28.7/463 409/553 65.2/855 41.1/53.8 62.0/86.1 442/627
+ Lingelrr 39.0/556 38.6/55.1 472/68,5 7T1.7/894 509/684 65.1/90.6 52.1/71.3
+ L crossSelf 472/71.1 5277706 59.0/755 764/903 585/741 669/91.8 60.1/78.9
+ Lo 528/735 575/71.2 67.2/763 789/914 642/743 68.7/922 649/79.8
+APCU (PCS) | 60.2/78.2 69.8/829 76.1/764 90.6/941 71.2/76.3 91.8/96.0 76.6/84.0
PCS w/o MIM | 59.0/759 58.6/76.5 76.2/764 87.8/93.2 68.7/747 89.8/95.0 73.5/82.0
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