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' Compositional Zero-shot Learning

. ® Definition
i Compositional Zero-Shot Learning (CZSL) aims to recognize novel attribute-object compositions i
i based on the knowledge learned from seen ones during training. i
' ® Key Scientific Problem
E (1) Compositional: How to model the relationship between attributes and objects. i
EL (2) Zero-Shot Learning: How to bridge the gap between seen and unseen compositions. i
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E (2) The seen and unseen compositions in CZSL share strong information, E i é S v 4..
i but the recombination of attibutes and objects results in label changes. i

O Hovy can we solve them? N | Bue sl .
t (1) Using training data to obtain knowledge of seen compositions. i

E (2) Using test data to optimize the prototypes in the label space. i
i (3) Recording historical samples to obtain visual knowledge. E
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. ® Motivation

1 7]_
i Existing CZSL methods focus on training phase, and they -,
fail to do this: ©—mm 2
all to do this: s ot \sﬁs . —
1. Model keeps frozen at test-time, so they fail to i;tm e ,,—_‘ _
leverage test images to overcome label space shift. huge dog w — .
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1. Using entropy loss to optimize seen and unseen E.P,.,.. e nlm;es 1B _.
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compositions. ‘@ @ %ﬁ ﬁ
2. Using historical images and label to get multimodal aphcitnof —— %Z.L =
Prototypes
prototypes. s W o g 8 — § v
3. Updating prototypes based on similarity T Bt

distribution
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® Calculating Multimodal Prototypes:
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v i (a) Lpg (Eq.7)
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® Entropy loss and multimodal collaborative loss:
exp (f* - te + @ A(f", V)

L 1 exp (cr:}s(%c, ¥:)/T)
L. f L V f ‘{:.' = ——t 10 g -~

Socomep(f -t +ad(f,ve))  Ewore ==z 2 ( S ccne e (cos(Ee, 7o) /)

A(f*,ve) =exp (=B(1 — f* - v¢))

z.t, %) =

p(e

+ log

exp (cos(te, Ve) /T) )
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Methods UT-Zappos MIT-States C-GQA
AUC HM Seen Unseen AUC HM Seen Unseen AUC HM Seen Unseen
Closed-world Results
CLIP [43] ucmr2i) 5.0 156 15.8 491 11.0 26.1 30.2 46.0 1.4 8.6 1.5 25.0
CoOp [62] (icv2z 188 346 52.1 403 13.5 298 344 47.6 4.4 7.1 205 26.8
Co-CGE [32] (rramr:z2) 36.3 49.7 634 T1.3 17.0 33.1 46.7 45.9 8.7 189 34.1 212
CSP [37] uctr 23 330 466 642 66.2 194 363 466 499 6.2 205 288 26.8
DESP [30] «cver25) 36.0 472 66.7 71.7 206 37.3 469 52.0 105 27.1 382 32.0
GIPCOL [51] (wacv24) 36.2 48.8 650 68.5 19.9 36.6 48.5 49.6 7% | 225 319 28.4
Troika [12] (cver24) 417 54.6 66.8 73.8 22.1 393 490 53.0 124 294 410 35.7
CDS-CZSL [25] (cvrr24) 395 527 639 74.8 224 392 503 52.9 11 F 281 383 34.2
PLID [3] (eccv:24) 387 524 67.3 68.8 221 390 497 524 11.0 279 388 33.0
TOMCAT (Ours) 483 60.2 745 72.8 226 395 502 53.0 kil 285 377 34.2
Open-world Results

CLIP [43] ucmLz2n 2.2 1.2 157 20.6 3.0 12.8 30.1 14.3 0.3 4.0 T.5 4.6
CoOp [62] (cv22) 132 289 521 31.5 2.8 123 3bH 9.3 0.7 5.3 21.0 4.6
Co-CGE [32] (rramrz2) 284 453 599 56.2 5.6 17. 7 :38.1 20.0 0.9 5.3 332 39
CSP [37] ucir23) 2277 389 64.1 44.1 - 174 46.3 15.7 1.2 69 287 3.2
DESP [30] ccver23) 303 440 66.8 60.0 6.8 193 475 18.5 2.4 10,4 383 T2
GIPCOL [51] (wacv24) 235 401 650 45.0 6.3 179 485 16.0 1.3 T3 316 55
Troika [12] (cver24) 330 478 664 61.2 7.2 20.1 48.8 18.7 2.1 10,9 40.8 7.9
CDS-CZSL* [25] «cver2ey 321 48.0 647 60.4 - - 5 " 2.6 109 38.2 8.0
PLID [3] (Eccv24) 30.8 46.6 67.6 55.5 TS 204 49.1 18.7 2.3 10.6 39.1 7.5
TOMCAT (Ours) 437 579 741 65.8 8.2 21.7 49.2 21.0 29 115 377 9.1
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Table 3: Abaltion study of our proposed modules on UT-Zappos and MIT-States. Queue means visual
priority queue. T- and V- KAM denote textual and visual KAM. AUW is adaptive update weights.

UT-Zappos MIT-States
Module UT-Zappos MIT-States L U TN s - CTOMedBhe iy g GTiFrounice
Queute T-KAM V-KAM AUW AUC HM Seen Unseen AUC HM  Seen Unseen P e P e B e : "“"’*""“"'E}‘W"“"“”‘T}*
Qg = | BM: satin 4/ BM: Leather BM: Leather 1" [BM: Folded Bike 'Q("‘JBM:menrce
43.57 5554 68.72 7430 2212 3897 4950 5261 : S e St DR feghs yE i
& 4328 5554 6843 7414 2212 3915 4945 52.88 . A L I |G e Tine GT:Fresh Garlc g G RPPY Mud
v 45.68 58.22 7439 69.01 2218 3922 4950 5295 o ‘M:m\/ bms&:‘;;ﬁ{ 'miﬁﬂax __Ia¥gours: inflated Tire K 1Ours: Fresh Garlic [l 8 Ours:Runny Mud
ippers 5 e i\
v v 4328 5554 6843 7414 2232 3932 4954 5293 “/ BM: LeatherX, BM: Leather X | 8M: Leather \ wvamedwhed&_éoumwawh e
v v v 46.64 58.83 76.44 6838 2234 3939 4958 5293 Hppers i Hees X
v v v v 4831 60.18 7499 7277 2255 3945 5032 5295 R ) e p—— N o . Thawed piza
Ours: Leather Ours: Leather X * Ours: Satin |Ours: Ripe Fi urs: Molten Bronze Ours: Thin Paslz
ers a es ( els x " g
0 BM: ILL;::herT,V BM: L;a?}n;:ex ‘ l BM:':aillherx BM: FreshFI g:h’l Molten anze EBM Spllled Dirt
’ Slippers Flats- 5 Heels
Table 4: Ablation study of our designed loss Table 5: Influence of initialization strategies _ ;
on UT-Zappos and MIT-States. of KAMs on UT-Zappos and MIT-States. Figure 6: Case :stud)f on UT-Zappos and MIT—S_[ates. We compare TO_MCAT (Ours) with Lhe_base
model (BM) after training. The successful and failure results are marked in green and red, respectively.
Loss UT-Zappos MIT-States Initialization UT-Zappos MIT-States
Lre Lycrr AUC HM AUC HM AUC HM AUC HM
4X5T 5554 22A2 38.97 Uniform Random 4349 5623 21.81 38.59 ik Bl o0 00 0s B . i B 0.z o i
v 44.50° 57,29 2235 | 39.32 Normal Random 4550 5798 21.32 38.36 oz & L
v 4246 5397 2229 3942 Random Walking 47.08 59.12 22.14 39.16 ,  meat 0.20 0.49 0.18 0.21 0.21 ’ % ,  meat 020 021 0.19 0.19 020| |Ho26 ;:
g 7 48.31 60.18 2255 39.45 All Zeros 4831 60.18 2255 39.45 % pasta b o7 016 02t 021 [fox 2 g Lasalo ot 019 08 0zt M, 2
E salad{0.19 0.19 0.19 0,20 0.21 0.20 0.22 g § salad{0.20 0.21 0.19 — fg
,‘ N g salmon {0.18 019 0.17 0.18 s = g salmon{0.19 0.20 0.16 0.19 - 3
§ [ Pesheim —=vomewr B = Baaliodd e TOMCM ¢ e T 7 seafood {049 020 0.19 0.19 0.22 E > seafood|021 021 020 020 ?
g 145 ot g 0.2951% A 3 Exu, pwien® ¥ Yo 18 & S : o1 5
Eu“ il . 7 ¥ § 4 e 20 ok PR vegetable |0.19 0.21 020 0.20 0.20 021 03 = vegetable |0.20 022 021 022 021 0.20 2
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Figure 7: Similarity heatmap of multimodal prototypes on MIT-States. All unseen compositions
(a) UT-Zappos (b) MIT-States (c) C-GQA consisting of the attribute cooked and its corresponding objects (e.g., chicken, meat...) are selected.

Figure 5: Trend of top-1 classification accuracy with increasing test sample size on three datasets.
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