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Existing Methods — Prompt Learning

class name

(

' learnable vectors |
| ya

|

|

|

\

text
encoder

maximize
similarity score

image
encoder




Institute of
G Z S L l AlR Est. Artificial Intelligence
-] 1986 undrobatic
Challenge

» Asingle latent space fails to capture complex and fine-grained patterns for GZSL (a).
» Finetuning CLIP leads to the weak generalization / domain bias problem on unseen classes (b-d).
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Dual-Space Alignment
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» Enhance the single latent space with a representative attribute space, which is constructed from a well-

input image

devised attribute reservoir. Each dimension of the space corresponds to an attribute concept.
The reservoir is designed to contain both static and learnable vocabulary tokens.
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Topology-Preserving Objective

« Maintain the semantic topology structure of the combined seen and unseen classes by referring to the
original VLMs embeddings.
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Baselines
» Generative methods: CE, LSA, ZLAP

» Prompt learning methods: CoOp, CoCoOp, MaPLe, PromptSRC, ProGrad
 CLIP

AwA2 CUB* FLO* SUN FGVC-Aircraft* Country

Model S U H | s U H | S L H | 5 u H | g u H | e 7 H
CLIP m 8169 7766 T9.62 | 2988 2961 2974 | 5391 5116 5250 | 4628 4951 4784 | 1825 11.15 1384 | 13.16 1213 12.62
CoOp [H0] 8136 6942 7492 | 2223 1823 2003 | 5627 5065 5331 | 4985 4931 4957 [ 17.13 12,10 1418 | 1286 973 11.08
CoCoOp 7853 73Rl 7610 | 2353 1981 2151 | 6021 5022 5476 | 4953 4951 4952 | 1881 1360 1579 | 1359 803 10,09
MaPLe TRO4  T1.25 7449 | 2246 2066 2152 | 5988 4839 5352 | 4682 4868 4773 [ 2175 1520 1789 | 1296 954 1099
PromptSRC 84.04 7073 T6.82 | 3092 1632 2137 | 60.68 5445 5740 | 4783 4924 4852 | 2344 13,10 1681 | 1442 6.87 9.30
ProGrad 81.73 6746 7391 | 2297 2138 2215 | 61.21 5053 5536 | 5271 4944 5103 | 1900 1100 1393 | 1399 877 1078
CE E] 7669 6780 7197 | 3180 1901 2380 | 63.02 4409 5188 | 4411 47.15 4558 | 2863 2525 2683 | 1280 B.O7 9.90
LSA ﬂ TJ7.16 6587 7T1.07 | 3735 1954 2566 | 77.51 41.03 5366 | 4566 48.19 4689 | 2944 2785 2862 | 12.21 751 9.30
ZLAP [7] T6.35 7474 7554 | 3241 2551 2855 | 6822 5477 6076 | 4818 47.29 4773 | 2938 27.10 28.19 | 1264 1042 11.32
TPR 87.10 7681 81.63 | 41.22 26,87 3253 | 77.58 o64.52 7045 | 5047 4540 4780 | 36.88 2965 3287 | 18.75 16.03 17.28
TPRT 8052 T1L70 7586 | 4242 2507 3222 | B2.62 6299 7148 | 5008 4549 4767 | 3463 3125 3285 | 2018 1568 17.65
TPR} 9560 7881 8639 | 5310 3255 4036 | 8375 6465 7297 | 5829 5208 5501 [ 4350 3130 3641 | 27.82 2331 2537

StanfordCars® EuroSAT DTD UCF101* Foodl01* OxfordPets*
Model S U H | s U H | S L H | 5 u H | g u H | e 7 H

CLIP& 46.65 3778 4175 | 2113 1125 1468 | 36.39 4139 3873 | 5372 6492 5879 [ 67.74 73.05 7029 | 82.67 6583 73.29

CoOp 49.86 3847 4343 | 2989 1227 1740 | 4434 3656 4007 | 62.13 4741 5378 | 71.82 6464 68.04 | 7347 5766 6461
CoCoOp [§] 5193 3784 4398 | 52.64 1834 27.21 | 42.19 3594 3882 [ 5829 6062 5943 | 7255 6042 6593 [ 7253 5897 65.05
MaPLe 5529 3567 4336 | 3072 1952 2387 | 42.25 39.72 4095 | 5537 6251 S5RT3 | 7216 7147 TLR2 | 75.87 56.01 64.45

PromptSRC 55.56 39.85 4641 | 2871 1440 19.18 | 51.30 4256 4652 [ 61.92 5989 60.89 | 77.06 5631 6507 | 7860 5299 6330
ProGrad [12] 52200 3536 4216 | 59.14 17.12 2655 | 54.62 39978 46.03 | 60.10 5876 5942 | 7348 6426 6856 | 7253 5995 65.64
CE % 56.62 4094 4752 | 61.61 3288 4288 | 4479 29.61 3565 | 5478 34.66 4246 | 7048 5388 61.07 | 7L.OT 5954 64.80
LSA 59.19 4141 4873 | 5510 24.89 3429 | 45.64 2772 3449 [ 51.76 37.22 4330 | 69.10 53.82 6051 | 73.73 35927 6571
ZLAP [7] 49.60 43.22 46.19 | 7459 2322 3541 | 4694 3094 3730 | 56.89 4265 4875|7020 6086 6520 | 7293 359.89 65.77
TPR 09.48 4633 5559 | B2.78 4573 5891 | 5547 4206 4784 | 69.14 6688 6799 | 93.67 8541 8§9.35 | 90.60 6639 76.63

TPR' 88.09 70.84 7853 | 75.60 6l43 6778 | 62,70 4539 52606 | 7420 6181 6744 | 8237 7422 T8.08 | 84.07 TL32 TI.17

TPR} 87.25 7357 T9.83 | 76.07 5641 6478 | 68.95 4639 5546 | 75.01 7457 7479 | 88.87 7997 848 | 92.27 T0.17  79.72
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Correlation matrix between attributes

* high correlations between static attribute vocabulary
 low correlations between learnable attribute tokens
« complementary to each other

Correlation matrix between fixed attribute words Correlation matrix between learnable attribute tokens
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Conclusion

The attribute space and latent space are complementary to each other

The latent space provides a general representation and the attribute space offers a more structured and
Interpretable representation

The static vocabulary and learnable tokens are complementary to each other

The static vocabulary learns prior knowledge and learnable tokens captures task-specific information
Topology-preserving objective effectively keep the generalization capability of VLMSs

TPR achieves SOTA performances on both seen and unseen classes across multiple benchmarks
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Thank you for your attention!
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