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I Background

DualCoOp learns a pair of positive and negative prompts to quickly adapt powerful pretrained vision-text encoders
to the MLR task. For each class, two prompts generate two contrastive (positive and negative) textual embeddings as
the input to the text encoder. During training, we apply the ASL loss to optimize learnable prompts while keeping
other network components frozen. During inference, we compare the positive and negative logits to make a
prediction for each class
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I Background

Overview of CNN-based, DualCoOp and our SCPNet. Like DualCoOp, our SCPNet adopts CLIP as the base model.
Differently, our SCPNet aims to enhance the MLR with the prior about the label-to-label correspondence.
MC means multi-class. CL denotes contrastive learning.
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/§-:-mantic association module (SAM)

Z = {2, 21y 00y 2z}

input features H° = Z

GCN: H't' = p(A*HW*
n-Iinear function
Z*=H"4+ HL

\_ pyilz) = o(sim(f, 2})/7)

a learnable parameter matrix
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/Cross-modality prompter (CMP): \

1 soft prompt token embedding of y;

Prompt: t; = {v1,v2,..., U, €;

\f =F(@),z =G(t) W,

Structured Prior Prompter

label feature
al

CLZ'j = sim(Zi, Zj)

mitigate the over-smoothness of graphrepresentation by adjusting the

sparse graph:
P grap y if j € topK(a;)

gl =4 G
B 0, ifj ¢ topK(a;)
hyper-parameter

;i = (8/ EZT';J'I CL;j,) X CL,,L'j, if 7 ;é 7
o I[ai; # 0]exp(ai;/7)
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f Cross-Modality Prompter Semantic Association Module N __ Prior-Enhanced Self-Supervised Learning (PESSL)
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Prior-Enhanced Self-Supervised Learning

Pwile) =D iy W) X p(ysl)
a correlated neighboring set

We then customize the whole process as a
function parameterized by W:

SASC(p(Ylz), W) = Wp(Y |z)

strong transformation

Y
['cst = ZCGO(:I!) logp(C|Q($ )

£pessl — )\cstﬁcst + )\dstlﬁdstl
L= Ecls + Epessl

weak transformation

p*(ylw(z)) = SASC(p(ylw(z)), A”)

y
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1—q¥
where g’ = p*(clw(z)) and g7 = p(c[(x))
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I Exp eriments

LargeLoss setup [16]

SPLC setup [32]

LiFedbeit COCO VOC NUS CUB Avg | COCO VOC NUS CUB Avg
LSAN [4] 692 867 505 179 56.1 | 705 872 525 189 57.3
ROLE [8] 69.0 882 510 168 563 | 709 890 50.6 204 57.7

Largel.oss [16] 716 893 496 21.8 58.1 - - - - -

Hill [32] . - - - - | 732 878 550 188 587

SPLC [37] 720 877 498 180 569 | 732 881 552 200 59.1
SCPNet (ours) | 754 90.1 557 254 617 | 764 912 62.0 257 63.8
Datasets Method 0% 20% 30% 40% 50% 60% 70% 80% 90% | Avg.

SSGRL [5] | 625 705 732 745 763 765 771 719 784 | 74.1

GCN-ML[6] | 63.8 709 728 740 767 77.1 713 783 786 | 744

SST [/] 68.1 735 759 773 781 789 792 796 799 | 76.7

COCO SARB[21] | 712 750 77.1 783 789 79.6 798 80.5 805 | 77.9
DualCoOp [26] | 787 80.9 81.7 820 825 827 828 830 83.1 | 819

SCPNet (ours)* | 80.3 822 828 834 838 839 840 841 842 | 83.2

SCPNet (ours) | 79.1 82.1 828 839 845 849 854 857 859 | 83.8

SSGRL [5] | 777 876 899 907 9L4 OI8 919 922 922 | 89.5

GCN-ML[6] | 745 874 897 907 91.0 913 915 918 92.0 | 88.9

— SST [4] 815 89.0 903 910 91.6 920 925 926 927 | 904
SARB[21] | 835 886 907 914 919 922 926 928 929 | 90.7

DualCoOp [26] | 90.3 922 928 933 936 93.9 940 941 942 | 932

SCPNet (ours) | 91.1 928 935 93.6 938 940 941 942 943 | 93.5

SSGRL [5] | 346 373 1392 401 404 410 413 416 421 | 39.7

GCN-ML [6] | 32.0 37.8 388 39.1 39.6 400 419 423 425 | 393

VG-200 SST [4] 388 394 411 418 427 429 430 432 435 | 41.8
SARB[21] | 414 440 448 455 466 475 478 480 482 | 46.0

SCPNet (ours) | 43.8 464 482 496 504 509 513 516 520 | 49.4

single positive label

MLR with partial labels
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different modules in the proposed SCPNet method for both the single positive label setting and the partial label setting.

Model | CMP  SAM PESSL Single Positive Label Partial Label B
Lest Lgs | COCO VOC NUS CUB | COCO VOC2007 VG-200

Baseline 73.18 88.07 55.18 1999 | 77.41 88.32 46.39 | 64.08
v 7436  88.46 60.66 21.42 | 80.90 89.16 47.55 | 66.07

v v 75.12  89.09 61.08 21.66 | 82.12 90.16 48.11 | 66.76

SCPNet v v v 75770 9092 61.75 23.67 | 82.85 92.50 48.70 | 68.01
v v v 75.84 9092 61.56 2451 | 83.35 93.21 48.83 | 68.32

v v v v 7642 91.16 62.04 25.71 | 83.76 93.49 49.36 | 68.85

Epessl — )\cstﬁcst i Aclstlﬁdstl

L= Ecls + JCpessl’
L 2 3 4
mAP | 75.88 | 76.42 | 76.22
Nt 0 /16 | 1/8 1/4 1/8
Adstl 0 /8 | 2/8 | 3/8

mAP | 75.12

75.56|75.70 | 75.13

76.42|76.40|76.17
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CMP+L.: wipes out components involving the prior

It indicates that the quality of label supervision can be
promoted under the guidance of the proposed prior, thus
benefiting the performance on the test set.
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