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Visual-Semantic Enhanced Joint Classifier for Few-Shot Open-Set

Recognition
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Abstract: This paper investigates the potential of the vision-language pretrained model contrastive language-
image pre-training (CLIP) in few-shot open-set recognition (FSOR). The experiments reveal that the
visual-prototype classifier based on CLIP s image encoding features generally performs worse than traditional
FSOR baseline methods; although the semantic-prototype classifier based on CLIP’ s semantic encoding
features significantly outperforms traditional baselines in closed-set performance, it underperforms in open-set
performance. The primary reasons for these issues may be the gap between CLIP’ s training data and the
FSOR target data, as well as the overly large decision boundaries assigned by the CLLIP semantic prototype
classifier to known classes. To tackle these problems, a simple yet effective joint few-shot open-set classifier
enhanced with visual-semantic integration is proposed, which not only leverages the closed-set classification
advantages of the semantic-prototype classifier based on CLIP but also skillfully exploits the potential of the
visual-prototype classifier constructed by traditional FSOR pretrained models, which further enhances the

open-set performance by establishing tighter decision boundaries. Experiments on four benchmark datasets
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demonstrate that this method achieves average improvements of 2.9% in accuracy (ACC) and 2.6% in area

under the receiver operating characteristic (AUROC) compared to the best traditional baselines.

Key words: few-shot open-set recognition (FSOR) ; vision-language model; prototype classifier; distribution

discrepancy; decision boundary
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ACC AUROC ACC AUROC ACC AUROC ACC AUROC
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Table 2 Comparison results with training-free methods on CIFAR-FS and CUB %
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CLIP-vis 65.25 61.67 85.15 73.35 78.67 66.69 94.61 79.24
CLIP-sem 88.56 82.34 88.56 82.34 95.63 81.98 95.63 81.98
VsIc 92.14 86.51 94.30 88.65 96.20 88.39 97.16 90.41
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Table 3 Comparison results with fintuning methods on MinilmageNet and TieredImageNet %
MinilmageNet TieredImageNet
DRV 1-shot 5-shot 1-shot 5-shot
ACC AUROC ACC AUROC ACC AUROC ACC AUROC
CLIP-sem 96.82 92.23 96.82 92.23 80.05 72.08 80.05 72.08
CLIP-Adapter 96.99 92.37 97.08 92.45 81.85 72.82 85.03 74.63
Tip-Adapter 97.19 92.60 97.25 92.70 81.39 72.50 82.56 73.45
VSJC 97.56 94.74 97.80 94.94 85.57 78.95 90.21 82.43
%4 CIFAR-FSFICUB L 5E FHRUFHEHITLE
Table 4 Comparison results with fintuning methods on CIFAR-FS and CUB %
CIFAR-FS CUB
WIS 1-shot 5-shot 1-shot 5-shot
ACC AUROC ACC AUROC ACC AUROC ACC AUROC
CLIP-sem 88.56 82.34 88.56 82.34 95.63 81.98 95.63 81.98
CLIP-Adapter 89.62 83.41 90.38 84.20 95.79 82.13 96.16 87.25
Tip-Adapter 89.50 83.23 90.18 83.78 95.96 82.25 96.09 82.30
VSsJC 92.14 86.51 94.30 88.65 96.20 88.39 97.16 90.41

SC AR AN R SR 6 TR .

&5 TieredImageNet 5-way 1-shot{F 55 /Yl RRS2I8

Table 5 Ablation experiment on TieredImageNet 5-way

1-shot task
AR T g
CLIP-sem SCASH/RIEIR BRA N ACC/% AUROC/ %
N — — 80.05 72.08
N N — 81.09 72.71
N — N 85.08 78.67
N N N 85.57 78.95

%6 CIFAR-FS 5-way 1-shot {F %% _t &35 5t S 16
Table 6 Ablation experiment on CIFAR-FS 5-way

1-shot task
2 B 4y P e
CLIP-sem SCASHE/RHE R WA HHEMr ACC/ % AUROC/ %
J — — 88.56 82.34
J N — 90.10 83.88
J — J 91.22 86.20
J J J 92.14 86.51

SRR, SCA R 7R B 5 -5 A HE BT SR I 24
A7 R T ] 2 o 26 A 6 ACC RIF S YU
AUROC, BAKIF , SCAHE 7 1 5 5 0 38 1 A B
GPT-3F &1 X FFXfH B AEARREALACC 19 HT
£ AUROC £ P IUAT: 55 P39 42 7 T 1.1 %,
[vi) B, 308 3 R 5 4FE T SR s, FE 0 45 5 T Rl AR ) 2K
B H, ACC I AUROC 98 #5343 9l 76 P AT 45
ORI T 3.8% F15.2% . MeAh, 45 G X Fi AR
M 1T L S R e A T RE R B

=¥
B
1=y
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