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Abstract. Current Large Vision Language Models (LVLMs) excel at
many zero-shot tasks like image captioning, visual question answering
and OCR. However, these same models suffer from poor performance at
image classification tasks, underperforming against CLIP-based meth-
ods. Notably, this gap is surprising because many LVLMs use CLIP-
pretrained vision encoders. Yet LVLMs are not inherently limited by
CLIP’s architecture with independent vision and text encoders. In CLIP,
this separation biases classification toward class-name matching rather
than joint visual–text reasoning. In this paper we show that, despite their
poor raw performance, LVLMs can improve visual feature class separa-
bility at inference using prompt conditioning, and LVLMs’ internal rep-
resentations, especially attention heads, can outperform the model itself
at zero-shot and few-shot classification. We introduce Head Ensemble
Classifiers (HEC) to bridge the performance gap between CLIP-based
and LVLM-based classification methods. Inspired by Gaussian Discrimi-
nant Analysis, HEC ranks the most discriminative vision and text heads
and combines them into a training-free classifier. We show that HEC
achieves state-of-the-art performance in few-shot and zero-shot classifi-
cation across 12 datasets. Code: github.com/AdhemarDeSenneville/HEC

Keywords: Zero shot classification · Few shot classification · Large
Vision-Language Model · CLIP

1 Introduction

Recent LVLMs show remarkable progress in a wide range of computer vision
tasks, including image captioning [10, 36], text transcription [40], Visual Ques-
tion Answering (VQA) [43] and grounding [52, 64]. In addition, they offer the
versatility to address all of these problems with a single pre-trained model and
no additional fine-tuning. However, LVLMs still lag behind the state of the art
in few-shot image classification [42, 68], particularly compared to CLIP-based
models [4,39,54,61]. This is surprising as many LVLMs inherit from a CLIP [54]
vision encoder, yet score below CLIP at zero-shot [68].
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Fig. 1: CLIP-based vs HEC (Ours). CLIP-based methods encode class names and
support set images independently to construct a zero-shot and a few-shot classifier
respectively. Our method keeps the same two-classifier structure. However, both distri-
butions go through a shared LLM decoder which can be conditioned by a text prompt
to include guidance on the domain or the classes of the support set. The few-shot classi-
fier (HEC-V) builds on the distribution of a sparse set of heads from the LLM decoder.
This subset, which we refer to as vision-heads, is selected using Gaussian Discriminant
Analysis [6] (Fig. 2). The zero-shot classifier (HEC-T) builds on the distribution of
another sparse set of heads, which we refer to as text-heads. Similarly to CLIP-based
methods, the two classifiers can be combined in a single one (HEC-VT) by adding their
output probabilities.

Nonetheless, despite exhibiting strong performances, CLIP-based methods still
have some limitations. First, CLIP mainly matches images to class names or
descriptions, making it weaker when depending on domain text contextualiza-
tion [8, 17, 53]. Secondly, CLIP vision and text encoders are independent, so
image–text interaction is limited at decision time, as illustrated in Fig. 1 (left).
In contrast, LVLMs use a vision encoder to convert an image into a sequence
of vision tokens, or use a tokenizer to convert a text prompt into a sequence of
text tokens. Then, these vision and text tokens are jointly processed by a shared
LLM transformer decoder allowing image–text interactions during inference.

There is a mismatch between the rich internal representations that LVLMs
should inherit from their CLIP encoder and their weak final output predic-
tions [68]. Consequently, previous works either focus on using LVLMs to generate
captions to improve CLIP performance [37,45], or extensive finetuning on down-
stream classification tasks [23, 50]. This mismatch led us to investigate whether
the LVLMs’ internal representations can be leveraged for few-shot classification.

Inspired by Gaussian Discriminant Analysis (GDA) [6, 61] and recent works
on training-free LVLM adaptation [29, 47], we propose two simple yet effective
mechanisms to condition and extract LVLMs multimodal representations. First,
we use text prompts to condition LVLMs feature distribution during inference.
The prompt, concatenated with vision tokens, specifies contextual information



HEC 3

... ... ...

...

...

...

...

...
LL

M
 D

ec
od

er

Layer 1
...

Layer 2

Layer 3

...

Layer L

...

...
Vision 

Encoder

+

What breed is that 
dog? 

Prompt Conditioning

Select Average 

Support-Set Extract All Heads Top k Vision-Heads

Fig. 2: Overview of HEC-V. Given a prompt, we first encode all the images from
the support set with the LVLM. We then extract the distribution of attention vectors
(3) for the last token across all heads in every layer . Then, based on a Gaussian
Discriminant Analysis [6], we rank each head based on its class separability. Lastly,
given a query image, we ensemble the predictions of the top k heads for that task by
averaging their class probabilities.

of the few-shot task, as shown in Fig. 1. Then, we extract features by selecting a
sparse set of attention heads that maximize few-shot and zero-shot classification
performance. More specifically we select the best attention heads at few-shot
(denoted vision-heads) using GDA, selecting heads that maximize performance
given a set of labeled images (support set). Similarly, we introduce a mechanism
to select the best attention heads at zero-shot (denoted text-heads).

Building on these two mechanisms, we introduce three distinct Head Ensemble
Classifiers (HEC), see Fig. 1. When class names are unknown, we show that
combining vision-heads produces a few-shot classifier (HEC-V) that improves
its performance by conditioning the classification with a domain-specific prompt
(e.g., What breed is that dog?). This type of prompt guidance domain adap-
tation is not possible with vision models and CLIP-based models. We also show
that combining text-heads into a classifier (HEC-T) improves for free the zero-
shot accuracy of a given LVLM. Lastly, we bridge the performance gap between
training-free CLIP-based methods and LVLM-based methods by introducing a
classifier that combines text-heads and vision-heads (HEC-VT).

In summary, our contributions are:

– We experimentally show that adding prompt conditioning to LVLMs im-
proves the class separability of its internal distributions, especially within a
sparse set of heads.

– We introduce a method to select and combine those top heads at test-time.

– We report state-of-the-art performance at few-shot and zero-shot classifi-
cation, bridging the gap between CLIP-based and LVLM-based methods
without the need of additional fine-tuning.
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2 Previous Work

Training-Free CLIP Most research effort around multimodal few-shot image
classification has been focused around CLIP-based architectures. CLIP in its
original formulation can be applied easily to zero-shot image classification [54]
using the known class names. Prior work shows that CLIP’s zero-shot classifi-
cation can be improved with parameter-free attention maps [21], similarly we
propose a training-free adaptation of LVLMs for zero-shot classification. On the
other hand, when class names are unknown but a small labeled support set is
available, the training-free baselines include nearest-centroid classifier [13,57] and
linear probing with closed-form solutions [3, 5, 61]. When both class names and
the support set are available, a first line of work simply adds logits from a zero-
shot and a few-shot classifier together [61,67]. Instead, some improve upon this
by combining text and visual frozen features to build a single classifier [4,39,69].

LVLMs in Few-Shot Learning A first application of LVLMs to few-shot learning
was to use them to generate descriptions to guide a CLIP-based classifier [37,44,
45], rather than using the LVLM as the classifier. To mitigate low classification
performance, a line of work directly fine-tunes the model on fine-grained classifi-
cation tasks. Finedefics [23] is trained using attribute descriptions and CLIP-like
contrastive losses. In [41], meta-training improves in-context learning perfor-
mance. Recent work explicitly fine-tunes LVLMs as CLIP encoders [50], training
them with contrastive objectives aligning image and text embeddings [31, 65].
Similarly to us, VLM2Vec [31] uses instruction conditioning (e.g. Instruction:
Represent the given image and the related question), which we refer to
as Task conditioning. However, in our work, performance gains arise from adding
domain and class conditioning. Our method can be applied to any LVLM, mak-
ing it complementary to fine-tuning approaches.

Training-Free LVLM A straightforward training-free method to improve perfor-
mance is in-context learning, where few example images per class are added to
the prompt [2]. However, the performance decreases rapidly with the number of
shots and classes present in the prompt [11,30,55]. Some lines of work mitigate
this by introducing task vectors that compress many in-context tasks in a single
prompt [25, 26]. MTV [29] improved on that furthermore by selecting task vec-
tors inside a sparse set of attention heads. Recently SAVs [47] directly selects top
heads from the support set using nearest centroid classifier without having to
compute task vectors. Our work builds on SAVs by improving the head selection
and ensemble mechanisms.

3 Preliminaries

In this section, we first formalize the few-shot and zero-shot image classification
setup. We then conduct a preliminary investigation on where LVLMs build their
representation during an image classification task. Particularly we observe that
(1) prompt conditioning allows the last token of the LLM decoder to build multi-
modal representations that outperform the vision backbone. (2) A sparse set of
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attention heads contain representations that outperform the prediction based on
the last token.

3.1 Problem Formulation

We consider the N -way few-shot image classification over classes C = {1, . . . , N}.
The support set is composed of image–label pairs {(xi, yi)}NK

i=1 , with only a small
number of K samples per class (K-shots). A class text tc is associated to each
label. The query set is the set of unlabeled images we aim to classify.

In the training-free paradigm, we use a frozen foundation model to represent
both images and class texts in a shared embedding space [61,67,69]. We denote
z
(v)
i the embedding of a support image xi, and z

(t)
c the embedding of the class

text tc. In the text-zero-shot setting, the class logits are given by the dot
product z

(v)⊤
q z

(t)
c where z

(v)
q is the query image embedding. In the vision-few-

shot setting, we define a classifier from the support set embeddings {z(v)i , yi}NK
i=1 ,

to predict the class of the query embedding z
(v)
q . In the vision-text-few-shot

setting, we are given {z(t)c }c∈C and {z(v)i , yi}NK
i=1 . A simple option to address

this problem is to add the logits of the text-zero-shot and a vision-few-shot
classifiers [61, 67]. However, some methods introduced vision–text coupling by
treating the text-zero-shot classifier as a fixed prior and adjusting its logits using
the support set [4, 39,69].

CLIP encoder: Extracting text and image CLIP embeddings is straightforward.
It uses two separate encoders, the vision encoder z

(v)
i = fv(xi)[CLS] and the

text encoder z
(t)
c = f t("a photo of a {tc}")[CLS], to map images and class

prompts into a shared embedding space. Here, [CLS] denotes the extraction of
the class token, meaning that the embedding is a single token.

LVLM as a CLIP encoder: Unlike CLIP-based methods, encoding text and im-
ages using LVLMs is not straightforward. Inspired by [31, 50, 65], we propose a
framework for using LVLMs as CLIP encoders. Let fv be the vision encoder that
maps an image xi to a sequence of vision tokens, and let LLM(·) be the LLM
decoder that takes that sequence of vision tokens as well as text tokens as input.
For instance, Qwen2-VL has a ViT visual encoder with 32 layers and an LLM
decoder with 28 layers. We extract the output embedding from the summary
token, i.e. ST(·), which returns the last token of the last layer embedding of the
LLM decoder [50]. Unlike CLIP, LVLM embeddings can be prompt-conditioned
as the LLM decoder jointly processes vision tokens with text tokens from the
prompt π. The LLM decoder input is the concatenation [fv(xi);π] (see Fig. 2),
and the embedding of an image is obtained as

z
(v)
i = ST(LLM([fv(xi);π])). (1)

To obtain the class embedding, we replace image tokens by a textual class de-
scription:

z(t)c = ST(LLM(["You are given an image of a {tc}.";π])). (2)



6 A. de Senneville et al.

The prompt π can incorporate incrementally different levels of guidance depend-
ing on available information. Thus, we propose three levels of conditioning:

– Task Conditioning: A task-specific prompt (e.g., What is the object in
the image?) pushes the summary token toward discriminative representa-
tion. As shown in [50], adding constraints in the prompt such as Answer in
one word can improve performance by encouraging the model to compress
information in the next-token representation. It is important to note that,
at this stage, by switching the prompt we can solve other classification tasks
such as VQA, image–text pair classification or image retrieval (see supple-
mentary ??).

– Domain Conditioning: Similarly to the case of task guidance, in fine-
grained settings, rephrasing the prompt to be domain-specific (e.g., What
breed is that dog?) should additionally push the summary token toward
domain-discriminative representation.

– Class Conditioning: Moreover, if the candidate classes are known, append-
ing to the domain prompt the class list (e.g., Between: boxer, yorkshire,
beagle or havanese.) should additionally push the summary token toward
class-discriminative representation.

Head Extraction In the following we formalize how features from a given head are
extracted. We index attention heads by m ∈ {1, . . . ,M}, where the total number
of heads is M = L ·H with L the number of layers, and H the number of heads
per layer. For each head m, we compute the corresponding head embedding as

hm = softmax

(
qm K⊤

m√
D

)
Vm, (3)

where qm is the query vector of only the last token in the input sequence, Km and
Vm are the key and value matrices of the current head at the current layer, and
D is the head dimension. For the rest of the method, we L2-normalize each hm

making dot products equivalent to cosine similarities. Following [47] we denote
hm as an attention vector for head m. We denote h

(v)
i,m the attention vector when

encoding the image xi and h
(t)
c,m when encoding the text class tc.

3.2 What happens inside LVLMs

To study the impact of prompt conditioning we conducted a series of experiments
by randomly selecting 1000 10-way 4-shot tasks across 10 datasets. We processed
the 40 images of the support set through Qwen2-VL using a prompt with Class
conditioning. We then measure few-shot and zero-shot accuracy at different lo-
cations in the model. Given either a token-embedding support set {zi, yi}NK

i=1

extracted from an intermediate LLM layer, or an attention vector support set
{h(v)

i,m, yi}NK
i=1 , we fit a ridge linear classifier [6] to measure the few-shot accuracy

of each distribution on the query set [1]. Given class attention vectors {h(t)
c,m}c∈C ,

we measure the head zero-shot accuracy on the query set using as class logits
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Fig. 3: Experiments to identify where the best classification representation lies in
LVLMs. At different locations of Qwen2-VL, we compute linear probing accuracy aver-
aged over a thousand 10-way 4-shot tasks across 10 datasets using Class conditioning.
(a) Although vision tokens yield strong accuracy early on, inherited from the CLIP
vision transformer, the last token builds better representations by integrating multi-
modal features from vision and text prompt tokens. (b) For each few-shot setup, a
small number of top heads called vision-heads yield better performance than the sum-
mary token. (c) Similarly, for each zero-shot setup, a small number of top heads called
text-heads yield better performance than the summary token.

h
(v)⊤
q,m h

(t)
c,m. Results are shown in Fig. 3. We refer to the supplementary material

?? for additional details on these experiments.

Figure 3a shows the accuracy of the averaged vision tokens across the vision en-
coder and the LLM decoder. As expected, as images are processed by the vision
encoder, representations shift from low-level to more discriminative high-level
features, resulting in improved accuracy. Once visual tokens are processed by
the LLM decoder, their classification accuracy stalls. Meanwhile, the last to-
ken representations refine from layer to layer by attending to the vision tokens
and the prompt conditioning tokens, improving its accuracy. As a result, the
summary token yields higher accuracy than vision tokens, indicating that LLM
joint decoding of vision and prompt tokens steers representations during infer-
ence toward being more class-discriminative. This demonstrates the LVLMs
ability to refine visual features at inference using prompt conditioning.

In Fig. 3b, we select the 784 heads of the 28 layers of the last token. For each
task, we rank them from best to worst accuracy and show their average few-
shot accuracy. We see that about 25% of heads have better classification power
than the LLM output, and that, more specifically, a handful of heads yields an
accuracy gain of more than 10% compared to the summary token. This shows
that for a given task, a sparse set of heads yields better performance
at few-shot than the summary token itself.

Similarly in Fig. 3c we rank each head by its zero-shot classification accuracy and
find that about 10 heads yield better zero-shot performance than the summary
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Prompt: What type of bird is this? Prompt: What type of plane is this?

Fig. 4: Top head attention map. We concatenate bird [59] and aircraft [46] datasets
images horizontally in one support set. We then select the top vision-head for bird
classification using the prompt What type of bird is this? and do the same for
plane using the prompt What type of plane is this?. The attention map of the
bird (left) and plane (right) top vision-head is overlaid on top of the image.

token. This shows that for a given task, a sparse set of heads yields
better performance at zero-shot than the summary token itself.

Figure 4 shows attention maps of the top vision-head for different Domain
prompts on a fixed support set. It shows that by combining prompt conditioning
and top vision-head selection, we indeed retrieve domain-specific features.

In conclusion:

1. At inference time, the summary token gains in class separability thanks to
prompt conditioning. This arises from the LLM decoder multimodal ability
to jointly process vision tokens with text prompt tokens.

2. For each classification task, a sparse set of last token heads yield better
performance than the summary token at zero-shot and few-shot.

Therefore, identifying those top heads at test time has the potential to greatly
increase few-shot and zero-shot performance of LVLMs.

4 Method

In this section, we propose a test-time ranking procedure to select the top vision
and text heads. We then show how to combine predictions from those heads into
a single classifier. An overview of the method is illustrated in Fig. 2.

4.1 Vision-Heads Ranking

Let us see how to rank the top vision-heads from a labeled support set. Given
the attention vector support set {h(v)

i,m, yi}NK
i=1 in a head m, the classifier and its

ranking score are both derived from a classical Gaussian Discriminant Analysis
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(GDA) [6,61]. We assume a class-conditional generative model for the observed
feature distribution. Specifically, each attention vector follows a Gaussian dis-
tribution, centered at the class mean µm,c ∈ RD, with a covariance matrix
Σm ∈ RD×D that is shared across classes i.e.

(H(v)
m | Y = c) ∼ N

(
µm,c,Σm

)
. (4)

A key reason this generative model performs well is that, in fine-grained few-shot
classification, features often lie in a thin, anisotropic region of the embedding
space. The shared covariance among all classes captures principal directions
common across classes, which improves discrimination. In addition, with very
few samples per class, class-specific covariance estimates are underconstrained,
one shared covariance gives a more stable estimate from the full support set.

Given the observed features in a head, we estimate the mean µ̂m,c and the pre-

cision matrix Σ̂
−1

m using the unbiased sample mean estimator and the empirical
Bayes ridge-type estimator [33] respectively:

µ̂m,c =
1

K

∑
i: yi=c

h
(v)
i,m, Σ̂

−1

m = D
(
(KN − 1)Σ̂m + tr(Σ̂m)ID

)−1

, (5)

where ID is the identity matrix and Σ̂m is the empirical covariance. The class
logits ℓi,m,c of the model are the log-probabilities of observing the features and
the class label

ℓi,m,c = log p
(
h
(v)
i,m, y = c

)
= log p

(
h
(v)
i,m | y = c

)
+ log p(y = c)

= −1

2

(
h
(v)
i,m − µ̂m,c

)⊤
Σ̂

−1

m

(
h
(v)
i,m − µ̂m,c

)
+ C,

(6)

where the constant C cancels out in the softmax. We compute class probabilities
p
(v)
i,m,c via a temperature-scaled softmax, and define the vision-head score as

s(v)m =
1

KN

KN∑
i=1

p
(v)
i,m,yi

, with p
(v)
i,m,c =

exp
(
ℓi,m,c/τ

)∑N
j=1 exp

(
ℓi,m,j/τ

) . (7)

This score can be interpreted as a soft accuracy on the support set, since in the
limit τ → 0, s(v)m is the support set accuracy. In the few-shot setting, the Gaussian
model often overfits the support set. Hence, the support set accuracy saturates
at 100% for many heads, reducing the ability to distinguish top heads from the
others. In such cases, using softmax probabilities prevents s

(v)
m from saturating.

This score is inspired by prior work on neural checkpoint ranking [38,62], which
aims to rank model transferability instead. We define HV as the set of top k
vision-heads according to the ranking score.

4.2 Text-Heads Ranking

Given the class attention vectors for the m-th text-head {h(t)
c,m}c∈C , ranking the

heads is straightforward as we simply evaluate the zero-shot soft accuracy of
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each head on the support set. More specifically, for each support, we compute
class logits as the dot product h

(v)⊤
i,m h

(t)
c,m and compute class probabilities by

applying a softmax. The head score s
(t)
m is the average probability assigned to

the ground-truth label over the support set:

s(t)m =
1

KN

KN∑
i=1

p
(t)
i,m,yi

, p
(t)
i,m,c =

exp
(
h
(v)⊤
i,m h

(t)
c,m

)
∑N

j=1 exp
(
h
(v)⊤
i,m h

(t)
j,m

) . (8)

The set of top k text-heads according to the ranking score s
(t)
m is HT . It is

important to note that this ranking needs labels, which are not available in
pure zero-shot scenarios. However, in the vision-text-few-shot setup, a labeled
set is available, making our method capable of training-free zero-shot adapta-
tion. Moreover, experiments show that text-heads are shared across tasks and
domains, hence a fixed HT , determined once per model, transfers across tasks.

4.3 Head Ensemble Classifiers

Given HV and HT , we introduce 3 classifiers. HEC-V averages class probabilities
of vision-heads to produce a vision-few-shot classifier and HEC-T averages class
probabilities of text-heads to produce a text-zero-shot classifier:

p̄(HEC-V)
q,c =

1

|HV |
∑

m∈HV

p(v)q,m,c, p̄(HEC-T)
q,c =

1

|HT |
∑

m∈HT

p(t)q,m,c. (9)

Lastly, HEC-VT adds HEC-V and HEC-T class probabilities to produce a vision-
text-few-shot classifier

p̄(HEC-VT)
q,c =

α p̄
(HEC-V)
q,c + p̄

(HEC-T)
q,c

α+ 1
, (10)

where α is a hyper-parameter. Despite its simplicity, we find that ensembling
heads by averaging class probabilities yields strong performance. It is robust to
poorly ranked heads without adding extra hyperparameters or computations.

5 Experiments

In this section we evaluate our methods on 12 datasets in three different se-
tups. We first benchmark HEC-V on vision-few-shot with Domain condi-
tioning, when class names are unknown. We then benchmark HEC-T on text-
zero-shot with Class conditioning. Lastly, we benchmark HEC-VT on vision-
text-few-shot using Domain conditioning. We also include additional experi-
ments on prompt conditioning and head selection. Additional image-text bench-
mark [12,20,22,28,34,70] results beyond image classification are reported in the
supplementary ??.
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Dataset. Following previous works [4,54,61], we use 10 publicly available image
classification datasets across different domains, covering a diverse range of visual
recognition problems: EuroSAT (ESAT) [24], UCF101 (UCF) [58], DTD [15],
Caltech101 (CAL) [19], SUN397 (SUN) [63], OxfordPets (PETS) [51], Stanford-
Cars (CARS) [32], Flowers102(FLWR) [48], Food101(FOOD) [7], and FGVCAir-
craft (FGVC) [46]. The last 5 are fine-grained image classification benchmarks.
We include in our experiments two additional fine-grained image classification
datasets CUB-200 (BIRD) [59] and Traffic-Signs (SIGN) [27]. We treat Ima-
geNet [16] as a general classification dataset, non domain-specific, and use it to
select the top vision and text-heads shared across domains.
Protocol. We compare against state-of-the-art training-free CLIP-based base-
lines: closed-form linear probing [6] (Probing), CLIP [54], TipAdapter [67],
GDA [61], and ProKeR [4]. Prior work reports results using the original OpenAI
CLIP [54]. Our method, paired with recent LVLMs, significantly outperforms
these baselines, in part because recent LVLMs inherit recent and stronger CLIP
backbones than OpenAI CLIP. For a fair comparison, we try to disentangle the
backbone performance from the contribution of our method. We therefore eval-
uate on two LVLMs where the pretrained CLIP backbone they inherit from is
known. More specifically Qwen2-VL (7B) [60] and LLaVA-OV (7B) [35] use re-
spectively DFN [18] and SigLIP [66] before instruction tuning. For LVLM-based
training-free adaptation, we compare our work to state-of-the-art SAVs [47].

All CLIP-based methods are evaluated using the same prompts originally in-
troduced by TipAdapter [67]. All LVLM-based methods are evaluated with the
same prompts (see details in the supplementary ??). All results are averaged
over 5 random seeds. For every dataset, we select the optimal set of hyperpa-
rameters using the original hyperparameter sweep used by each method. For
linear probing, we use a ridge classifier and sweep the regularization coefficient
with values ranging from 0.001 to 10. To show the robustness of our method,
we set τ = 10 and set to 20 the number of top vision-heads and the number of
top text-heads we select across all models and benchmarks. Only for HEC-VT,
we sweep α from 0.1 to 10. All experiments are done on a single NVIDIA V100
GPU.

5.1 Vision-Few-Shot Classification

We benchmark our method in the vision-few-shot setting, where class names
are unknown. We evaluate in N -way 4-shot with N equal to the total number
of classes in each dataset. The results are reported in Tab. 1. For LVLM-based
methods, we use Domain prompt conditioning (DC) e.g., What breed is that
dog?, except for linear probing where we additionally test Task prompt condi-
tioning (TC) i.e., What object is in the image?. This allows to extract more
domain-specific features, improving class separability, which is impossible for vi-
sion models and CLIP models. Hence, we also evaluate several vision models and
CLIP models using linear probing. We compare DFN [18], OpenAI CLIP [54],
OpenCLIP [14] for CLIP models. We also compare against the DINO series of
vision models DINOv1 [9], DINOv2 [49], and DINOv3 [56].
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Table 1: Vision-Few-Shot classification accuracy (%) on 4-shot across 12 datasets
without knowing class names. DC indicates Domain prompt conditioning and TC in-
dicates Task prompt conditioning. HEC-V achieves state-of-the-art performance on
average and across all datasets except FLWR, BIRD and ESAT. Underline denotes the
best LVLM method. Bold denotes the best overall. Methods marked with † do not use
hyperparameter tuning.

Model Method PETS ESAT UCF SUN CAL DTD AIR FOODFLWR CARS BIRD SIGN AVG

DINOv1 Probing 81.9 81.6 71.8 50.8 86.9 49.6 25.5 37.9 88.1 28.3 54.2 46.3 58.6
DINOv2 Probing 78.5 73.6 67.6 63.4 87.0 51.6 29.9 43.0 97.0 35.9 65.5 35.6 60.7
DINOv3 Probing 88.0 77.2 82.8 72.7 95.4 63.6 56.9 74.3 99.5 79.4 77.3 53.1 76.7
OpenAI CLIP Probing 72.9 73.6 81.5 73.2 90.2 55.8 28.2 73.4 89.5 56.9 53.6 56.5 67.1
OpenCLIP Probing 73.0 75.6 79.5 72.1 90.4 60.3 29.6 62.9 89.0 75.0 51.2 62.7 68.4
DFN Probing 84.5 80.8 79.8 73.9 94.4 62.8 40.0 77.5 96.8 85.6 66.9 68.2 75.9

DFN+LLM
(Qwen2-VL)

Probing(TC) 84.9 75.6 81.4 77.2 93.4 58.2 40.9 81.1 98.1 79.8 65.1 71.3 75.6
Probing(DC) 92.0 74.0 82.3 79.8 94.2 66.9 60.7 82.7 98.2 89.2 69.5 69.2 79.9

SAVs†(DC) [47] 91.0 72.0 80.5 81.7 94.4 70.5 59.3 84.9 97.8 89.5 69.8 68.1 80.0

HEC-V†(DC) 92.2 78.8 85.0 82.4 95.5 71.8 62.2 85.3 98.5 89.8 72.0 75.5 82.4

HEC-V achieves the best average accuracy 82.4%, surpassing all LVLM-based
methods including SAVs [47] across all datasets. Compared to the strongest
non-LVLM baselines HEC-V is best on 9/12 datasets, outperforming its vision
backbone DFN on all datasets except EuroSAT. The strong results of HEC-V
against DINOv3, despite using no hyperparameter tuning and relying on a less
recent backbone, signals a promising new direction for training-free vision-few-
shot classification. Qwen2-VL Probing(TC) is already competitive with strong
visual backbones. However, Probing(DC) adds 4% in accuracy, confirming the
hypothesis that domain conditioning helps retrieve domain-specific features.

5.2 Text-Zero-Shot Classification

We benchmark our method in the text-zero-shot setting. The results are reported
in Tab. 2. For the baseline, we follow the standard LVLM zero-shot protocol [23],
framing classification as next-token prediction with a prompt that associates
a letter with each class (e.g., A: boxer, B: yorkshire terrier, C: golden
retriever, ...). As a stronger baseline, we also report the summary token
(ST) zero-shot accuracy (1)(2) following [50]. Lastly, we evaluate HEC-T in the
zero-shot setup. HEC-T requires a labeled support set to select text-heads so
we perform the head selection only once using the average ranking score over
100 randomly selected ImageNet tasks. We use that fixed set of 20 heads for
all datasets. Note that, because the head set is selected using labeled ImageNet
tasks, this protocol is not purely zero-shot in the strict CLIP sense. Downstream
datasets have less than 13% class overlap with ImageNet. HEC-T and ST use
a prompt with Class conditioning. For each dataset, we report the average over
100 10-way 0-shot tasks, to fit all classes into the prompt without degrading the
performance of the baseline. To verify the generality of the method, we test on
two LVLMs: Qwen2-VL and LLaVA-OV.

On average, HEC-T improves Qwen2-VL zero-shot by +10.1% surpassing its
backbone (DFN) by 1.5% on average. For both Qwen2-VL and LLaVA-OV,
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Table 2: Zero-Shot classification accuracy (%) on 10-way 0-shot across 12 datasets.
Our method HEC-T provides a training-free zero-shot adaptation that outperforms
previous baselines and is competitive with CLIP backbones that LVLMs inherit from.
HEC-T provides meaningful gain while enabling to zero-shot an unlimited number of
classes. Underline denotes the best LVLM method. Bold denotes the best including its
CLIP backbone. Green denotes the absolute gain of HEC-T over the LVLM Baseline.

Model Method PETS ESAT UCF SUN CAL DTD AIR FOODFLWR CARS BIRD SIGN AVG

DFN Zero-Shot 97.6 53.0 87.8 97.4 99.3 78.4 70.7 96.7 93.8 99.6 96.5 45.3 84.7

DFN+LLM
(Qwen2-VL)

Baseline 84.1 33.6 85.6 94.2 98.4 70.9 62.1 91.2 78.3 91.1 69.7 54.5 76.1
ST [50] 90.1 41.6 90.5 94.5 98.8 77.3 66.4 92.3 90.0 96.0 78.5 56.8 81.1
HEC-T 95.2 54.0 92.6 97.0 99.3 84.2 78.7 95.2 91.1 97.7 85.9 63.8 86.2

+11.1 +20.4 +7.0 +2.8 +0.9 +13.3 +16.6 +4.0 +12.9 +6.7 +16.2 +9.3 +10.1

SigLIP Zero-Shot 97.0 41.1 87.1 96.8 99.5 84.1 79.6 97.1 95.8 99.5 95.5 47.1 85.0

SigLIP+LLM
(LLaVA-OV)

Baseline 79.6 37.2 92.1 96.0 98.6 77.8 61.9 94.8 66.7 92.5 63.7 72.6 79.7
ST [50] 69.8 32.1 91.7 52.4 95.9 44.2 64.7 69.3 50.0 93.6 59.1 59.5 65.2
HEC-T 83.8 40.0 94.2 97.2 99.1 84.5 73.0 95.4 72.2 96.8 67.2 73.7 82.1

+4.2 +2.8 +2.1 +1.3 +0.5 +6.7 +11.1 +0.6 +5.5 +4.3 +3.5 +1.1 +2.4

HEC-T outperforms ST and the baseline on every dataset. For LLaVA-OV,
HEC-T yields a smaller gain of +2.4% over the baseline, but improves ST by
+16.9%. Notably, ST and HEC-T are the only methods that can scale with the
number of classes as the baseline is limited by the context window. HEC-T’s
consistent gains across 12 heterogeneous benchmarks support that top text-
heads transfer across domains. However, the CLIP backbones still win on more
datasets overall (DFN beats Qwen2-VL HEC-T on 7/12 datasets; SigLIP beats
LLaVA-OV HEC-T on 8/12). While HEC-T bridged the gap between LVLMs
and CLIPs in zero-shot scenarios, CLIP still yielded strong performance. We
notice that in general, CLIP wins on saturated benchmarks. For Qwen2-VL,
HEC-T wins only when the performance is below 90%. This hints that LVLMs
with HEC-T are more robust to domains under-represented in pretraining data.

5.3 Vision-Text-Few-Shot Classification

We benchmark our method in the vision-text-few-shot setting. We evaluate in N -
way 4-shot with N equal to the total number of classes in the dataset. The results
are reported in Tab. 3. We evaluate all baselines using CLIP and LVLM as an
encoder (1) (2). For LVLM-based methods, we use Domain prompt conditioning.
We do not include classes in the prompt, as most datasets have N ≫ 20 classes,
which would cause a drop in performance.

HEC-VT outperforms all LVLM-based baselines by more than 3% on average.
Combining HEC-T and HEC-V improves performance on every dataset except
UCF that already yields strong results with HEC-V. Averaged over all datasets,
HEC is the only LVLM method that surpasses the best CLIP-based baseline.
However, CLIP-based methods still achieve higher accuracy on 5 out of the 12
datasets. We hypothesize that part of that performance gap could be linked to the
post-training of Qwen2-VL. Similarly to zero-shot, we notice that HEC-VT wins
on less saturated benchmarks. Additionally, HEC-VT consistently outperforms
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Table 3: Vision-Text-Few-shot classification accuracy (%) on 4-shot across 12
datasets. We report results for CLIP-based and LVLM-based baselines. Combining
HEC-T and HEC-V in a single classifier gives state-of-the-art performance, outper-
forming previous CLIP-based or LVLM-based baselines. Underline denotes the best
LVLM-based method. Bold denotes the best overall. Methods marked with † do not
use hyperparameter tuning.

Model Method PETS ESAT UCF SUN CAL DTD AIR FOODFLWR CARS BIRD SIGN AVG

D
F
N

Zero-Shot† [54] 92.0 51.6 63.4 79.5 95.6 51.1 29.6 87.2 82.0 92.1 78.0 28.1 69.2
Probing [6] 84.9 81.6 79.9 73.7 94.4 61.4 38.0 77.0 97.3 85.2 66.7 65.9 75.5
TipAdapter [67] 92.3 69.2 77.4 80.5 95.8 64.4 40.2 87.2 97.0 92.7 78.7 50.0 77.1
GDA [61] 92.8 78.0 84.0 83.2 96.5 70.0 46.3 87.2 98.5 93.6 80.3 67.8 81.5
ProKeR [4] 91.2 82.4 83.9 82.2 97.0 66.2 43.1 87.8 98.3 93.6 81.5 64.6 81.0

D
F
N

+
L
L
M

(Q
w

en
2-

V
L
)

Zero-Shot† [50] 55.0 48.8 30.8 65.5 73.3 32.0 30.1 72.4 8.2 45.5 6.1 30.9 41.5
Probing [6] 92.0 74.0 82.3 79.8 94.2 66.9 60.7 82.7 98.2 89.2 69.5 69.2 79.9
TipAdapter [67] 79.0 50.4 57.6 76.1 84.9 58.5 51.8 79.0 74.7 74.6 54.0 49.0 65.8
GDA [61] 92.3 69.2 79.5 82.1 94.0 68.7 60.4 83.9 96.4 87.9 69.4 64.5 79.0
ProKeR [4] 86.7 74.4 77.4 81.4 94.1 67.2 55.8 84.4 94.4 86.9 65.7 63.3 77.6

SAVs† [47] 91.0 72.0 80.5 81.7 94.4 70.5 59.3 84.9 97.8 89.5 69.8 68.1 80.0

HEC-T† 85.2 55.6 69.3 75.1 92.4 62.6 31.6 83.9 50.7 72.6 47.1 47.9 64.5

HEC-V† 92.2 78.8 85.0 82.4 95.5 71.8 62.2 85.3 98.5 89.8 72.0 75.5 82.4
HEC-VT 92.8 82.0 85.0 83.3 95.6 72.7 62.3 85.7 98.6 90.1 72.1 76.2 83.0

HEC-T HEC-V
Conditioning Acc. ER Acc. ER

None 82.340.8 - 90.430.5 -
Task 84.090.7 ↓ 9.89% 91.420.5 ↓ 10.31%
Domain 87.080.6 ↓ 18.81% 92.780.4 ↓ 15.85%
Class 88.450.6 ↓ 10.63% 94.140.4 ↓ 18.84%

(a) 10-way 4-shot performance under different
conditioning. ER stands for Error Reduction in
percentage.
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Fig. 5: Ablation studies. Prompt Conditioning (left) and Head Ranking (right).

CLIP-based methods on less object-centric datasets, such as textures (DTD),
scenes (SUN), and human actions (UCF).

5.4 Ablation Studies: Prompt Conditioning and Head Ranking

Figure 5a reports performance given four types of prompt conditioning: None,
Task, Domain, and Class. Incrementally adding conditioning results in better
zero-shot and few-shot performance. Given the setup of Sec. 3, Figs. 5b and 5c
report the performance of our ranking and ensemble method on the top 50 heads,
showing HEC robustness.

Ablations and Comparison with SAVs. To better isolate our algorithmic contri-
butions, Tab. 4 shows how HEC improves over SAVs by isolating five contribu-
tions in the low-shot and high-shot regimes. Our head ranking (SAR+GDA) is
the main contribution. In the low-shot regime, most gains come from SAR due to
overfitting, while in high-shot, the less noisy GDA estimate boosts performance.
Domain Conditioning (DC) does not explain most of the gain in this setup. In
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Table 4: Ablation from SAVs to HEC-VT. DC: Domain Conditioning. GDA:
Gaussian discriminant classifier Eq. (6). SAR: Soft-Accuracy Ranking Eq. (7). PE:
Probability Ensembling Eq. (9).

Method (10-way) DC SAR GDA PE HEC-T 4-shot 16-shot
In-Context - - - - - 84.98 NA
SAVs 87.03 94.45
+ DC ✓ 88.13 95.23
+ SAR ✓ ✓ 93.28 94.99
+ GDA ✓ ✓ 83.91 95.06
Our ranking ✓ ✓ ✓ 93.99 96.03
Ensemble ✓ ✓ ✓ 93.28 95.12
HEC-V w/o DC ✓ ✓ ✓ 93.23 95.70
HEC-V ✓ ✓ ✓ ✓ 94.09 96.17
HEC-VT ✓ ✓ ✓ ✓ ✓ 94.42 96.23

the 4-shot setup, we also compare HEC against the in-context learning baseline,
where support examples are directly provided in the LVLM prompt. We do not
evaluate this baseline in the 10-way 16-shot setup, since the support set exceeds
the model context window.

Further ablations on prompt sensitivity, and shot number are provided in the
supplementary material ??.

6 Conclusion

We’ve seen that HEC improves few-shot classification across a variety of setups,
notably showcasing prompt-guided domain adaptation. In addition, it closes the
performance gap between LVLM-based and CLIP-based methods without the
need for fine-tuning. Thus we think that combining prompt conditioning with
top head selection has the potential to generalize to other setups beyond few-
shot and zero-shot classification. Future work will focus on adding more complex
prompts and in-context examples.

Limitations We acknowledge that the need for an intermediate representation
(i.e., hm) for classification is a limitation, especially for API-based usage. Also,
class conditioning, while promising, is limited to a small number of classes. Fur-
thermore, LVLM inference is more computationally intensive than CLIP models.
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