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Query image Query text Return the top 10
left small gray |—>
object large
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Bre il R aEtRtel e e cmlma e
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top-center
left small gray >
object large
g _»_ Method R@] R@5 R@I0 | Average
E N = £ g
C SS%H:E*J:EIJZE &)&% Concatenation 60.6 88.2 92.8 80.5
Show and Tell | 33.0 75.0 83.0 63.7
Para.Hasing 60.5 88.1 92.9 80.5
Relationship 62.1 89.1 93.5 81.6
Film 65.6 89.7 94.6 83.3
TIRG 78.8 949 97.3 90.3
S | Ha s TIRG-DIM | 770 956  97.6 | 90.1
TIRG+GA 91.2 98.8 99.5 96.5
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Method R@] R@5 R@I10 | Average

Concatenation 11.8 30.8 42.1 28.2
Show and Tell 11.9 31.0 42.0 28.3
Att. as Operator 8.8 27.3 39.1 23.1
Relationship 12.3 31.9 429 29.0
Film 10.1 27.7 38.3 25.4
TIRG 12.2 31.9 42.9 29.0
TIRG-BERT 13.3 34.5 46.8 313
TIRG-DIM 14.1 33.8 45.0 31.0
CQIRULBF 14.7 353 46.6 32.2
ComposeAE 13.9 353 47.9 324
TIRG+GA 13.6 32.4 43.2 29.7
TIRG-BERT+GA | 154 36.3 47.7 33.2
ComposeAE+GA 14.6 37.0 47.9 33.2
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Method R@l R@10 R@50 | Average
Concatenation 11.9 39.7 62.6 38.1
Show and Tell 12:3 40.2 61.8 38.1
Param Hashing 12.2 40.0 61.7 38.0
. Relationship 13.0 40.5 62.4 38.6
sz — ~
Fashion200 kéﬁ})ﬁ%ﬁﬁ’gmﬁs&% Film 129 395 619 38.1
TIRG 15.3 443 65.0 41.5
TIRG-BERT 19.0 49.1 74.4 47.5
TIRG-DIM 17.4 43.4 64.5 41.8
JVSM 19.0 52.1 70.0 47.0
. s el —
Fashion200kFHHIEE _FRYTESA VAL 29 508 727 | 488
32& E?K = X\&% CQIRULBF 17.8 48.4 68.5 449
ComposeAE 224 55.0 71.6 49.7
=] = CoSMo 233 50.4 69.3 47.7
~ EE—
]:IE}"Z_ EEN-K ComposeAE+GA | 252 528 712 497
TIRG+GA 24.0 57.2 5.7 52.3
TIRG-BERT+GA | 314 54.1 77.6 54.4
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Dataset | CSS | MIT-States | Fashion200k
Mothod Metie | M., M, WHM(@@=035 | M, M, WHM@=05 | M. M, WHM (a=0.5)

TIRG 997 903 932 532 293 345 666 415 473
TIRG+GA 98.8  96.5 97.3 493 297 34.2 759 523 58.3
TIRG-BERT = = - 550 295 349 775 415 5435
TIRG-BERT+GA - - - 683 332 40.1 784 544 60.6
ComposeAE - - - 65.1 324 389 64.0 49.7 53.7
ComposeAE+GA - - - 760 332 40.9 738 497 55.8
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Method Training time R@]l R@5 R@10 | Average

Baseline 111.28 s/epoch | 78.8 94.9 97.3 90.3
Baseline+FGSM | 248.57 s/epoch | 79.7 96.4 98.1 91.4
Baseline+L7, , | 192.54 s/epoch | 82.8 974  98.6 92.9

P EIEEAUE AT SIAUELER Baseline: TIRG

Method R@] R@5 R@10 | Average

Baseline 77.9 04.3 97 89.7
Baseline+£L 81.4 96.3 08.2 92.0
Baseline+L9 78.8 94.9 97.3 90.3

Baseline+CL, , | 88.8 988 995 | 957
SEFEMEREEEIEI S ol / rd® = ~r - ©

LLl = Ldﬂm + }kz:i;l |1Ui| LLE — Ldﬂ.tﬂ. T ’}1| |W| |%

30




SLhE|iHREsEiS

Loss function R@l R@5 R@I0 | Average
Lok 788 949 973 90.3
Lce+Ls 81.0 964  98.2 91.9
LcE+ LE 4 82.8 974 986 92.9
LcE+ LGy 87.8  98.1  99.1 95.0
Lce+Ls+LE, 83.0 97.1 985 92.9
Lce+ Ls+ L 90.2  99.1  99.6 96.3
Lce+L3,+LE, 89.1 988 995 95.8
LocE+Ls+ LA +LE, | 912 988 995 96.5
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