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Challenges
* Images are unlabeled
* The semantic categories across image databases are uncertain



Problem Formulation

* Domains A and B are distinct but semantically relevant, and their
label space may be different.

* Retrieval process
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Intra-Domain Semantic-Enhanced Learning
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Cross-Domain Semantic-Matched Learning
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Intra-Domain Semantic-Enhanced Learning

* Challenges of applying instance discrimination (ID) to learn categorical
semantics in universal unsupervised cross-domain retrieval

* Distinct label spaces make ID learn distinct categorical structure

Theorem 1 (Geometry Distinctness): Suppose data distributions of two domains (A and B) have mutually
disjoint supports, and they are uniform over these supports. Assuming the support sets of domains A and
B are not identical, the optimal feature extractors that minimize the instance discrimination loss of
different domains present distinct geometric feature spaces.



Intra-Domain Semantic-Enhanced Learning

* Our solution: pre-set a unified prototypical structure across domains

Original Prototypes Prototype Translation Apply Hungarian Algorithm Decide Whether Final Prototypes
to Pair Prototypes to Merge
’—--~\ ,—--~\ ,—--~~ ,—--~~ ’—--N\
,/’ \\ '/, \\ I,f—--‘ SR \\ Ilt—--‘ AN \\ ,l’ \\
‘oo Sepen  Jaey e e e
Domain A ! . I (R I 1 Vo ] WX ot ) ] I
1 1 i A @ 1 \ i 1 o) 1
\ / Vo i / \ & / \ @ H \ g )
1 SR
S N | v/ Y NI Y N W A /d
\~~_—", \Th-l—’r, \;i;_;/—’,, S _/—’,, \~~__’,,
i ! !
1 1
R
- -~
ad ~\ Rl '!'\
/ \ 4 @ I [N
;@ \ AN - B
ool t I P
Domain B . E | i i ! @ |
\ ! \ i /
/ YUY
N A / AN JRe
\\n_—’, \\~_—’,

1

L =L L h =
IPM INCE + @LPNCE, Where o 1+ exp (0.5F — e)




Cross-Domain Semantic-Matched Learning

* Semantic-Preserving Domain Alignment

Incorrect NN before
Domain Alignment

Accurate NN after
Domain Alignment

Standard Adversarial Learning
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Cross-Domain Semantic-Matched Learning

* Switchable Nearest Neighboring Match
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Experiments

Closed-set Cross-domain Retrieval
Query Sample:

Painting Painting



Experiments

Partial Cross-domain Retrieval on Office-Home

Methods] A—-C A—-P A—-R C—-»A C—»P C—»R P—»A P—-C PR R—A R—-C R—P

CDS
PCS
DARL
DN2A

Avg.

22.041.131.140.732.542.026.54+1.025.640.227.941.530.040.031.841.140.542.732.3+1.825.541.237.643.030.3+11
24.540.436.541238.842024.941628.841.129.041.028.642.135340741.741.437.542026.94+1640.040.932.7405
25.541534.742.029.843.125.04£1.9023.941.727.541.526.842631.941.140.042.3355+1.427.742.040.04+1.530.7+16
25.910.937.0+1.429.54+2.025241.027.040.530.5+1.129.041.331.540.740.640.435.7+1.728.040.641.0+1.1 31.740.5
UCDIR [23.041.028.742.231.040.926.041.622.041.123.54+1631.14+1530.41.0240.210.636.94+1.227.042136.840.729.7+0.7
CoDA [22.541.234.241.035.7+2.025.041.729.540.830.040.930.7+£1.132.0+1.543.2+1.335.24+2.228.54+1.441.310.332.310.7
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[40.5+1.445.8+2.048.012.1 35.111.039.2+0.5 41.1+0.9 52.413.046.012.1 55.011.749.0+2.1 43.1+1.056.7+1.2 46.0+1.1

Ours

Open-set Cross-domain Retrieval on DomainNet Ablation Study
Metho ds| Qu—Cl Cl—Pa Pa—In In—Sk Sk—Re  Avg. — ‘ Office31 ‘Ofﬁce-Home‘Doma.inNet
| Shared-set mAP@All / Open-set Acc Variations

CDS  [22.4 58.9|34.5 65.2|25.5 60.7|25.0 59.2|33.7 64.9]28.2 61.8 | Shared-set mAP@ALL/ Open-set Acc

PCS  |23.3 57.8(34.2 67.8/24.9 60.5(27.8 65.4/34.7 66.9/29.0 63.7

DARL [21.9 54.4(32.5 60.2/22.0 53.9|26.6 60.6|32.3 62.8/27.1 58.4 Ours w/o PM. |68.3 78.8 [45.7 72.6 |30.9 70.2

DN2A |22.7 56.6|33.4 60.7|21.9 55.2|24.8 57.8|34.0 61.2|27.4 58.3 Ours w/o SEL |72.2 &88.3 |(47.5 81.7 |33.0 764
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DGDIR |23.5 57.5(36.0 68.325.8 60.6/25.8 59.1/35.0 64.3/29.2 62.0 8“1'3 w/o SN°M ;32 ggg ggg gég gig 283
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