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Introduction
Motivation .
e Zero-shot CLIP features are sub-optimal. :.
e DINO visuals are rich but SSL methods usually \
require labeled linear probes; labels are costly.
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- A terrier dog will look like ....
- A terrier dog will have ....

Can we efficiently fine-tune CLIP using
unlabeled Iimages and class-specific visual

descriptions from LLMs to achieve label-free, DINO
dataset-adaptive classification? Dense Visual Features Semantic Knowledge
Methodology
We propose NoLA (No Labels Attached), a (o) = R | -Fir??if't-;-dfa-b? Lmlm
lightweight, label-free prompt-tuning framework A?ab - B g e !
that adapts CLIP using only unlabeled images. @) Templates | . = T;xtAErirSSﬁn;s ( T \ e .
Our approach unfolds in three steps: » % h \\
A. The class-specific visual descriptions is used to X |
distil rich textual priors into CLIP’s text space. > bets ﬁ‘é fs .
B. The SSL DINO is aligned with CLIP using top-k :j.... | )
confident predictions per class. \ I
C. The aligned DINO backbone is used to | _)Predicﬁonj pp
generate confident pseudo labels to finetune - - -
the CLIP vision encoder via prompt tuning.
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Few-Shot Methods
CoOp (5-Shot) 61.3 71.8 93.2 - 743 41.1 858 67.3 - 86.6 63.2 -
CoOp (10-Shot) 62.3 81.6 94.6 - 77.2 65.8 92.1 69.0 - 88.5 66.6 -
Label-Free Methods
CLIP 61.9 40.6 90.5 85.0 61.0 42.9 66.6 60.8 49.8 88.8 64.2 64.7 Base CLIP Embeddings NoLA Adapted CLIP Embeddings
CuPL 63.4 62.2 90.6 87.2 63.9 48.0 71.5 66.0 61.9 89.2 65.8 70.0
MetaPrompt  65.0 55.6 92.9 88.1 67.9 50.8 73.9 67.0 64.0 89.9 66.3 71.0 ations
LaFTer 64.2 73.9 93.3 82.7 68.2 46.1 71.0 64.5 68.3 95.8 74.6 73.0 =
ProText 64.9 51.4 93.4 89.0 66.4 50.7 74.2 66.8 57.4 89.5 66.1 70.0 2 o 5 E o ~ g e B
WaffleCLIP  63.5 46.7 94.8 88.1 65.8 51.0 68.7 65.6 63.4 90.9 67.2 69.6 €2 5 22 £ 5B ¢ : ., 22 E
NoLA (Ours) 65.4 73.5 94.8 89.3 68.3 56.1 82.7 67.0 75.4 94.9 75.6 76.6 7 0 & E » O < SsL 4 O A& B @ O <
- CLIP ZS 42.3 93.3 55.1 67.5 625 684 649
AdaptCLIPZS 81.8 95.3 93.7 81.3 72.1 73.9 83.0 MAE 741 930 850 768 630 677 76.6
o LaFTer 72.1 94.3 81.5 65.9 65.9 76.3 76.0 BeiT 722 91.8 85.2 78.0 64.1 68.2 74.9
Conclusion NoLA (Ours) 79.1 95.3 917 843 69.3 77.5 82.9 DINO (NoLA) 73.5 94.8 89.3 827 67.0 75.6 80.5
e NoLA delivers label-free, parameter-efficient adaptation using Avg, Top-1 Acc. (%)
_ - _ o Trainable components Prompts CDE Avg. Top-1 Acc. (%)
unlabeled images and class-specific visual descriptions. Setting 1 ; p 5 CLIP zero-shot 67.9
: : eics . (+) CDE classifier 72.0
e A scalable, cost-effective path for adapting VLMs when gemnig . N (+)DL network 30
annotations are scarce. NoLA v v 80.5  (+) DINO-assisted Prompt Learning 80.5
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