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Impact of hyper-parameters We show the effect of ~
and « in Table 1 and observe stability over a wide range
of values for both cases.

Additional backbones In Table 2, we present transduc-
tive and inductive zero-shot classification results on Ima-
geNet with additional CLIP backbones. We present results
with two versions of ViT-L-14 from CLIP [4]. Additionally,
we present the results with ViT-B-16 and ViT-H-14 from
OpenCLIP [1]' trained on the LAION-2B [5] dataset. We
see from Table 2 that ZLaP improves the results with dif-
ferent backbones in both transductive and inductive setups.
This verifies that ZLaP is not backbone dependant and that
it is independent of the dataset used for pre-training.

Per-dataset results In Tables 3 and 4, we present per
dataset results for transductive and inductive setups, respec-
tively.

Leveraging LLM generated prompts In the main pa-
per, we present the average results when we leverage LLM
generated prompts from CuPL [2]. In Tables 5 and 6, we
present per dataset results for transductive and inductive
setups, respectively. CuPL prompts, compared to hand-
crafted universal class templates, improve CLIP+ZLaP

https://github.com/mlfoundations/open_clip
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15 15 520 520 53.0 528 517 504 48.6
20 0.5 0.5 05 | 270 481 475 462 449

Table 1. Impact of v and o hyper-parameters. Results presented
on CUB dataset for transductive inference.

Yannis Kalantidis?

Giorgos Tolias!

2 NAVER LABS Europe

Transductive  Inductive
Results with ViT-L-14
CLIP 75.9 75.9
+ ZLaP 77.2 77.3
Results with ViT-L-14@336
CLIP 77.0 77.0
+ ZLaP 78.0 78.4
Results with ViT-B-16 (LAION-2B)
CLIP 70.4 70.4
+ ZLaP 72.0 72.1
Results with ViT-H-14 (LAION-2B)
CLIP 78.0 78.0
+ ZLaP 79.1 79.1

Table 2. Accuracy on ImageNet using different CLIP back-
bones.

from 60.0% to 64.6% and from 58.7% to 64.2% for the
transductive and inductive setup, respectively.

Web-crawled unlabeled images We construct a new set
of unlabeled images with 10,000 images per class that are
chosen either randomly, or based on proximity of their im-
age or text features to the class representation. Results are
presented in Table 7. Switching to using only the LAION-
based unlabeled set, we observe that random selection fails
by performing worse than CLIP, but the other two options
provide some improvement, with the caption-based neigh-
bors being a bit better. Interestingly, web-crawling is better
than the the target distribution images for the Pets dataset,
while much worse for Eurosat due to the lack of satellite
images on LAION. On the other hand, if the randomly se-
lected set is mixed with that from the target distribution,
ZLaP manages to benefit from the relevant images and to
deliver an improvement compared to CLIP.


https://github.com/mlfoundations/open_clip
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Results with ResNet50
TPT* 60.7 40.8 28.3 17.6 62.7 74.9 84.5 61.5 58.5 87.0 - - - 69.8 (58.8)
CLIP-DN 60.2 41.1 28.4 17.3 63.3 77.2 83.1 60.9 54.8 88.3 74.0 44.7 48.9 60.4 57.3
CLIP 60.3 41.1 26.9 16.7 62.9 76.6 83.1 61.2 54.4 87.9 72.3 425 47.0 59.9 56.6

+ ZLaP 61.8 41.9 35.5 17.8 65.9 78.8 83.9 63.3 57.8 89.6 78.2 47.9 52.1 65.9 60.0

(vs CLIP) 115 108 186 1Ll 130 122 108 121 134 117 159 154 451 160 | 134
InMaP 63.8 44.8 334 19.0 65.0 79.4 89.0 653 615 74.5 789  49.6 55.5 65.6 60.4

+ ZLaP 63.8 45.9 34.5 184 67.1 79.2 89.2 65.9 62.0 80.7 79.2 49.7 553 67.8 61.3

(vsCLIP) 135 148 176 117 142 126 161 147 176 172 169 172 183 179 | 147
(vsInMaP) 100 111  fL1  J0.6 121 102 102 106 105 162 103 101 102 122 | 109

Results with ViT-B/16

TPTf 69.0 47.8 42.4 24.8 69.0 84.7 87.8 65.5 66.9 94.2 - - - 68.0 (65.5)
CLIP-DN 68.3 45.7 53.3 243 68.0 86.0 87.7 66.5 64.0 93.6 914 69.6 56.1 68.4 67.3
CLIP 68.8 45.1 50.2 23.0 67.0 85.7 88.3 66.3 63.8 939 91.2 68.7 55.2 67.5 66.8
+ ZLaP 69.7 46.0 57.7 26.3 67.9 87.2 87.9 67.8 66.8 91.8 92.6 70.8 58.2 73.8 68.9
(vsCLIP) 409 109 475 133 109 115 04 F15 130  J21 114 121 130 163 | 121
InMaP 725 509 601 283 708 880 932 713 7.7 767 933 733 638 757 | 707
+ ZLaP 72.7 51.8 60.9 28.4 73.4 87.9 92.8 71.9 72.1 83.7 93.6 73.3 64.1 71.7 71.7

(vsCLIP) 139 167 1107 154 164 122 145 156 183  [102 124 146 189 1102 | 14.9
(vs InMaP) 102 109 108 101 126  J01 104 106 104 170 103 100 103 120 | 110

Table 3. Trasductive zero-shot classification accuracy on 14 datasets for two CLIP backbones. Rows denoted as (vs CLIP) and (vs
InMaP) show the absolute accuracy gains of our method over CLIP and InMaP, respectively.  denotes numbers taken from InMaP [3].
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Results with ResNet50
TPT' 60.7 40.8 28.3 17.6 62.7 74.9 84.5 61.5 58.5 87.0 - - - 69.8 (58.8)
CLIP-DN 60.2 41.2 28.3 17.2 63.3 717.2 83.3 60.8 54.9 88.3 74.0 447 48.9 60.4 57.3
CLIP 60.3 41.1 26.9 16.7 62.9 76.7 83.1 61.2 54.5 87.9 72.3 425 47.0 59.9 56.6
+ ZLaP 62.2 42.8 31.9 17.4 69.3 77.9 80.3 61.8 56.4 86.9 76.3 46.0 49.7 62.8 58.7

(vsCLIP) 119 117 450 107 164 112 28 106 119 10 140 135 127 129 | 121
+ ZLaP* 62.9 43.1 38.8 17.9 68.8 78.3 77.7 61.2 55.8 86.3 78.6 48.0 51.1 64.2 59.5
(vs CLIP) 126 120 1119 412 159 116 |54 100 113 |16 163 155 141 143 | 129
InMaP 62.9 45.7 33.6 19.2 66.4 79.2 85.7 65.0 62.0 76.2 79.0 49.7 554 66.0 60.4
+ ZLaP 62.9 46.6 36.3 18.7 69.1 79.0 83.4 64.9 61.8 80.2 79.1 50.6 54.9 66.5 61.0
(vs CLIP) 126 155 194 120 162 123 103 137 173 |77 168 181 179 166 | 144
(vsInMaP) 100 109 427 105 427 102 |23 01 102 40 101 109 105 105 | 106
+ ZLaP* 63.0 463 362 189 694 792 814 651 619 793 792 505 551 670 | 60.9
(vs CLIP) 127 152 193 422 165 125 |17 139 174 |86 169 180 181 171 | 143
(vsInMaP) 101 106 126 103 130 100 43 0.1 l01 431 102 108 103 110 | 105

Results with ViT-B/16

TPTf 69.0 47.8 42.4 24.8 69.0 84.7 87.8 65.5 66.9 94.2 — - - 68.0 (65.5)

CLIP-DN 68.3 45.6 53.3 24.3 67.9 86.0 87.7 66.5 64.1 93.6 91.5 69.6 56.0 68.4 67.3

CLIP 68.8 45.1 50.2 23.0 67.0 85.7 88.3 66.3 63.8 939 91.2 68.7 55.2 67.5 66.8
+ ZLaP 70.2 48.6 55.6 254 73.5 86.9 87.1 67.4 65.6 93.1 92.2 71.0 59.4 71.5 69.1
(vsCLIP) 114 135 154 124 165 112 |12 fL1 118 108 110 123 142 140 | 123

+ ZLaP* 71.0 49.1 58.2 25.8 72.6 87.3 86.3 67.2 66.1 92.1 92.7 72.0 59.1 72.2 69.4
(vs CLIP) 122 140 180 128 156 1L6 |20 109 123 |18 115 133 139 147 | 126
InMaP 72.0 49.6 59.4 29.0 71.9 87.9 91.6 71.4 71.9 79.0 934 73.7 63.9 75.4 70.7
+ ZLaP 72.1 51.2 63.2 29.1 75.9 87.8 90.0 71.0 71.2 84.0 934 74.0 64.3 76.3 71.7
(vsCLIP) 133 161 1130 161 189 121 117 147 174 199 122 153 191 188 | 149
(vs InMaP) 101 116 138 101 140  J01 |16 104 107 150 100 103 104 109 | 110
+ ZLaP* 721 510 627 290 755 879 8.0 714 718 831 936 742 642 763 | 716
(vsCLIP) 133 159 1125 160 185 122 107 151 180  |108 124 155 190 188 | 148
(vsInMaP) 101 114 133 100 136 100 |26 100 01 41 102 105 103 109 | 10.9

Table 4. Inductive zero-shot classification accuracy on 14 datasets for two CLIP backbones. Rows denoted as (vs CLIP) and (vs InMaP)
show the absolute accuracy gains of our method over CLIP and InMaP, respectively. * denotes our method with approximation of Y. '
denotes numbers taken from InMaP [3].
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Results with ResNet50
CLIP 61.7 49.1 18.5 67.9 77.8 87.5 63.8 55.8 88.7 76.4 45.2 63.5 63.0
+ ZLaP 62.7 51.4 20.2 67.6 78.9 88.1 65.2 58.8 89.8 77.6 474 67.8 64.6
(vs CLIP) 1.0 423 1L7  J03 1Ll 106  fL4 130 L1 112 422 143 | 1L6
InMaP 64.4 54.5 22.2 67.2 79.3 89.9 674  62.8 73.7 782 502 682 64.8
+ ZLaP 64.3 55.6 22.2 69.8 792  89.5 67.8 63.2 78.9 78.9 50.5 70.2 65.8

(vs CLIP) 126 165 137 119 114 120 140 174 |98 125 153 167 | 128
(vsInMaP) 101 111 100 126 101 04 104 104 152 107 103 420 | 110

Results with ViT-B/16

CLIP 70.0 53.2 27.9 73.4 86.3 91.7 69.5 66.1 94.4 90.7 69.4 70.5 71.9
+ ZLaP 70.5 54.0 30.1 72.2 86.9 91.8 69.7 67.3 92.7 92.4 69.9 74.0 72.6
(vs CLIP) 105 0.8 422 12 106 0.1 102 112 |17 117 105 135 | 107
InMaP 733 573 319 741 881 937 733 728 780 934 733 711 | 739
+ ZLaP 73.3 57.9 31.7 76.9 88.0 933 73.7 72.8 83.3 93.6 73.2 79.5 74.8
(vs CLIP) 133 147 138 135 117 fL6 142 167 |11 129 138  19.0 | 129

(vsInMaP) 100  10.6 102 128 01 104 104 100 153 102 01 124 | 109

Table 5. Transductive zero-shot classification accuracy on 12 datasets for two CLIP backbones and prompts generated by a LLM [2].
Rows denoted as (vs CLIP) and (vs InMaP) show the absolute accuracy gains of our method over CLIP and InMaP, respectively.
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Results with ResNet50
CLIP 61.7 49.1 18.5 67.9 77.8 87.5 63.8 55.8 88.7 76.4 45.2 63.5 63.0
+ ZLaP 63.1 514 20.0 72.7 78.4 854 63.3 57.8 88.3 77.9 48.0 63.6 64.2
(vs CLIP) 114 123 115 148 106 |21  J05 120 104 {L5 128 101 | 112
InMaP 63.4 54.6 22.6 68.8 79.1 86.4 66.6 62.5 75.7 782 504 675 64.6
+ ZLaP 63.4 54.1 22.6 71.5 79.1 83.4 665 624 79.4 78.8 51.0 67.7 65.0

(vs CLIP) 1.7 150 41 136 113 41 127 166 193 124 158 142 | 120
(vsInMaP) 100 105 100 127 100 30  Jo1  J0a1 137 106 0.6 102 | 104

Results with ViT-B/16

CLIP 700 532 279 734 863 917 695 661 944 907 694 705 | 719
+ZLaP 712 555 298 777 872 911 697 615 944 916 713 126 | 733
(vs CLIP) 1.2 123 419 143 109 106 102 114 100 109 19 121 | 114
InMaP 724 572 328 758 880 923 730 729 798 933 737 766 | 74.0
+ZLaP 725 563 328 785 879 896 726 729 839 935 738 766 | 742

(vs CLIP) 125 131 149 151 1.6 21 131 168 1105 128 144 6.1 123
(vs IhnMaP) ~ 10.1 109 100 127 L0 127 104 100 141 102 10.1 10.0 | 10.2

Table 6. Inductive zero-shot classification accuracy on 12 datasets for two CLIP backbones and prompts generated by a LLM [2]. Rows
denoted as (vs CLIP) and (vs InMaP) show the absolute accuracy gains of our method over CLIP and InMaP, respectively.
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Results with ResNet50
CLIP 60.3 41.1 26.9 16.7 62.9 76.7 83.1 61.2 54.5 87.9 72.3 425 47.0 59.9 56.6
+ ZLaP (target distribution) 62.2 42.8 31.9 17.4 693 779 80.3 61.8 56.4 86.9 76.3 46.0 49.7 62.8 58.7
+ ZLaP (target distr. + LAION random) 614 423  30.2 15.7 63.5 77.1 80.3 61.6 53.7 87.8 75.1 429 475 59.8 57.1
+ ZLaP (LAION random) 599 414 26.2 14.3 59.1 74.5 79.3 61.1 51.4 87.6 70.6 414 434 58.8 54.6
+ ZLaP (LAION image neighbors) 60.6  41.1 29.1 16.7 63.5 76.9 83.5 61.9 54.7 88.4 69.5 41.1 48.2 59.6 56.8
+ ZLaP (LAION caption neighbors) 60.7 40.5 269 169  63.0 76.9 83.6 620 55.3 88.4 73.0 41.7 485  60.1 57.0
Results with ViT-B/16
CLIP 68.8 45.1 50.2 23.0 67.0 85.7 88.3 66.3 63.8 93.9 91.2 68.7 552 67.5 66.8
+ ZLaP (target distribution) 70.2 48.6 55.6 254 735 86.9 87.1 674 656 93.1 92.2 71.0 594 71.5 69.1
+ ZLaP (target distr. + LAION random)  69.5 459 53.1  21.0 67.3 86.3 86.4 66.9 64.7 93.7 919 693 556 67.6 67.1
+ ZLaP (LAION random) 68.6 449 494 19.8 65.3 85.3 86.8 66.5 63.0 93.6 90.3 68.6 54.0 66.9 65.9
+ ZLaP (LAION image neighbors) 69.0 454 492 238  68.1 85.8 88.4 66.9 64.5 94.2 90.8 68.1 56.7  67.6 67.0
+ ZLaP (LAION caption neighbors) 69.1 450 494 234 68.1 85.9 88.4 67.0 64.6 94.0 90.8 68.5 56.7  67.6 67.1

Table 7. Inductive zero-shot classification accuracy on 14 datasets using different sources of unlabeled data. Compared to the original
experiments that use unlabeled images from the target distribution, LAION-400M is used to create a web-crawled unlabeled set.
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