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BACKGROUND Prompt tuning for VLMs
Among VLMs, CLIP is widely used in few-shot settings. In such
settings, prompt tuning is commonly employed to adapt the
models LLM-based prompt tuning aims to adapt CLIP with class-
level priors to obtain discriminative semantics.

LIMITATIONS LLM-based Prompt Tuning 

① Not grounded in vision
• Descriptions generated text-only, no image seen
• One description reused for every image in a class
→ captures class-average semantics only

② Entangled & class-level only
• Rich LLM semantics remain entangled
• Exploited at class level, not instance level
→ instance-level visual variation unused

③ No joint class–instance structure
• Class-level alone → misses fine-grained differences
• Instance-level alone → poor generalization
→ no mechanism to combine both

FGVCAircraft
DH-82 Descriptions Score

The de Havilland DH-82 Tiger Moth is a 1930s 
biplane designed by Geoffrey de Havilland and 
manufactured by the de Havilland Aircraft 
Company. It was operated as a primary trainer 
by the Royal Air Force (

0.34

You can identify an aircraft DH-82 by its 
registration number. 0.31

It looks like a small, single-engine 
airplane with two wings and a tail. 0.27

A de Havilland Canada DHC-2 Beaver 
floatplane prepares to land in the waters 
of southeast Alaska.

0.19

Cessna 182RG landing at McCarran 
International Airport 0.11

😢

HOW Integrate class + instance knowledge
Few-shot generalization needs both class-level structure and
instance-level detail; disentangling LLM priors into instance
concepts and fusing them with class embeddings should
improve generalization to unseen classes.

CONTRIBUTION Three contributions
SAE as a learnable concept dictionary enabling explicit and
interpretable concept selection.
A unified prompt that integrates class-level priors with
instance-specific visual concepts.
Concept-based prompts that adapt per instance, replacing
predefined descriptions.

What SAE-based disentanglement & unified context
A Sparse Autoencoder decomposes LLM-derived priors into
sparse concept units; the selected instance concepts are fused
with class embeddings into a unified prompt.

Pre-training stage

ℒ!"#$ = 1 − cos tllm, 𝑡clip , ℒ%%&_"() = 1 − cos 𝑙, 0𝑙 , ℒ)%*!_"() = 𝑡clip −1𝑡clip
+

1. Class context module

Training objectives

2. Instance context module

Prompt-tuning stage

𝑊class = 𝐸proj 𝑙 , 𝑊class ∈ ℝℂ×𝕕

𝑠class = 𝐸sae 𝑡llm − 𝑏pre , 𝑠inst = 𝐸sae 𝑓 − 𝑏pre
𝑠coact = 𝑠class ⊕ 𝑠inst

3. Unified context injection

𝑊inst = 𝐷sae 𝑖 𝑖 ∈ Top−𝑘 𝑠coact , 𝑊inst ∈ ℝℂ×𝕜×𝕕

- Concept selection from the SAE decoder

𝑈𝐶 = 𝑀𝑒𝑡𝑎𝑁𝑒𝑡(𝑊class +𝑊inst)
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salad
Ploughman’s
lunch
mozzarella

tomato
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Concept Latent

Italian bread

Green salad

mozzarella

Salad plate
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0.16

0.16
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Concept Latent

caprese salad
2012 Chevrolet Silverado

2500HD Regular Cab

T1. Base-novel generalization

T3. Cross generalization

T2. Few-shot generalization

F1. Examples of disentangled latent interpretation

T4. Class-wise latent activation analysis. T5. Intra/inter-class similarity.

F2. Comparison of UMAP between LLM-based prompt tunings and ours.
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