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Abstract

Generative Large Multimodal Models (LMMs) like LLaVA
and Qwen-VL excel at a wide variety of vision-language
(VL) tasks. Despite strong performance, LMMs’ genera-
tive outputs are not specialized for vision-language clas-
sification tasks (i.e., tasks with vision-language inputs and
discrete labels) such as image classification and multiple-
choice VQA. One key challenge in utilizing LMMs for these
tasks is the extraction of useful features from generative
LMMs. To overcome this, we propose an approach that
leverages multimodal feature extraction from the LMM’s
latent space. Toward this end, we present Sparse Atten-
tion Vectors (SAVs)—a finetuning-free method that lever-
ages sparse attention head activations (fewer than 5% of
the heads) in LMMs as strong feature representations. With
only few-shot examples, SAVs demonstrate state-of-the-art
performance compared to a variety of few-shot and fine-
tuned baselines on a collection of vision-language classi-
fication tasks. Our experiments also imply that SAVs can
scale in performance with additional examples and gener-
alize to similar tasks, establishing SAVs as both effective
and robust multimodal feature representations.

1. Introduction

Generative Large Multimodal Models (LMMs) such as
GPT-4V [73], LLaVA [59, 60], and QwenVL [3] demon-
strate state-of-the-art performance on open-ended vision-
language (VL) tasks like image captioning [54, 107], vi-
sual question answering [2, 32, 43], and language ground-
ing [38, 65]. However, despite their remarkable perfor-
mance on generative tasks, these models struggle on vision-
language classification tasks, where responses are a discrete
set of labels [8, 111]. Indeed, LMMs with billions of param-
eters and trained on trillions more tokens of data underper-
form smaller encoder VLMs like CLIP and SigLIP [8, 111]

Figure 1. Sparse Attention Vectors (SAVs) Overview. We de-
velop a method for extracting features from a generative LMM
without finetuning. We first extract a sparse set of attention vec-
tors for each task given a set of few-shot examples, and then, we
utilize these attention vectors directly as features for downstream
vision-language classification tasks.

and even classical machine learning methods [6] on image
classification tasks. One reason that CLIP-like models ex-
cel at classification is the ease of extracting visual or tex-
tual features from modality-specific encoders. However,
such models cannot process joint vision-language inputs, as
LMMs can. Our goal is to extract compact features from
generative LMMs, enabling downstream discrete labeling
tasks such as classification and multiple-choice VQA.

Feature extraction is a well-explored field in both vision-
only [15, 83, 94] and language-only encoder models [13,
81], but such is not the case with generative models. Most
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current methods for extracting features from generative
models require carefully constructed prompts [41, 67, 104],
specialized architectures [51], few-shot prompting [7, 11,
112], and finetuning [8, 64, 111]. Recent work [111] shows
that prompting approaches fail to close the gap with encoder
VLMs, while finetuning requires training-scale data for ev-
ery unseen task, which is inefficient. However, as we ob-
serve in our work, generative models still offer the promise
of more flexible, truly multimodal features as compared to
modality-specific features from CLIP-like models.

A source of inspiration for our method is long-standing
work in neuroscience that suggests certain areas of the brain
are reserved for specific tasks [17, 37] (i.e. functional speci-
ficity). Motivated by this idea, we refer to recent inter-
pretability research that has focused on identifying specific
heads in transformer-based models that correspond to par-
ticular tasks [72]. The most prominent of these methods is
a line of work that looks to enhance vision-language capa-
bilities using task vectors [24, 27, 30, 93], which are com-
pact implicit representations of tasks encoded in the acti-
vations of a transformer model. While promising, these
methods ultimately use these representations to augment a
model’s generative capabilities. On the other hand, we seek
to use feature representations directly as classifiers. Never-
theless, this intuition from interpretability informs our work
on Sparse Attention Vectors (SAVs), which are sparse fea-
tures in an LMMs activation space that can be directly ex-
ploited for few-shot VL classification.

Our method has three steps: First, we extract features
(i.e., attention vectors) from the output of each head of the
LMM for some few-shot labeled examples (≈ 20 per label).
Second, we average these attention vectors over the exam-
ples in each class and evaluate their accuracy as centroids in
a class centroid classifier. We then select the top 20 heads by
classification accuracy as our SAVs. In this way, we iden-
tify a very sparse set of attention vectors (less than 5% of
the total number of heads) that can be used for discrimi-
native tasks. Finally, we perform inference on the given
task by doing a majority vote across this sparse set of at-
tention vectors for each new query. This approach requires
only few-shot examples at test-time to extract effective mul-
timodal embeddings. An overview is shown in Figure 1.

We summarize our main contributions as follows: (i) We
introduce a novel method that yields a sparse set of atten-
tion vectors to serve as highly effective features for indi-
vidual VL classification tasks; (ii) Our method surpasses
zero-shot, few-shot, and LoRA fine-tuned baselines across
multiple tasks (+7% improvement on average over LoRA on
challenging benchmarks like BLINK [18], VLGuard [114],
and NaturalBench [44]); (iii) We establish several advanta-
geous properties of our approach, including strong general-
ization capabilities and favorable scaling characteristics.

2. Related Works

Controllable Generation for Classification. Controllable
text generation in LMMs guides model outputs to meet spe-
cific constraints. For classification tasks with generative
LMMs, several approaches exist: test-time hard prompt-
ing [7, 104] uses prompt engineering or few-shot exam-
ples to elicit class label outputs [11, 88, 102, 105, 111]; di-
rect probability analysis of generated class labels [55, 58]
for image-text retrieval; and soft prompting methods that
finetune learnable tokens [42, 49]. Other techniques in-
clude instruction finetuning [103] on labeled data [6, 111]
and preference modeling like DPO and RLHF [16, 74, 79].
Our method, however, is finetuning-free and directly selects
class labels without preference data. Most related work
shows that internal transformer representations called task
vectors [23, 27, 30, 92] can encapsulate ICL example tasks.
Beyond previous approaches, we use a sparse set of atten-
tion vectors directly as VL classification task task features.
Vision-Language Features. Feature extraction seeks use-
ful representations for diverse downstream tasks. Early em-
bedding techniques including autoencoders [4, 39, 62, 63,
82], Word2Vec [66] and GloVe [77] transformed inputs into
vector representations, followed by advances in NLP [13,
19, 68, 81] and vision [15, 83, 94]. Recent methods like
CLIP and SigCLIP [46, 47, 50, 78, 108, 109] explore mul-
timodal correlations through contrastive learning or sig-
moid loss. These representations offer flexibility across
tasks [12, 25, 33, 40, 80, 95] and domains [53, 101, 110].

Interestingly, extracting features from generative mod-
els poses unique challenges in identifying optimal extrac-
tion points. Some approaches finetune encoder VLMs
on LLM-generated data [48, 97] or finetune LMMs di-
rectly on specific tasks [31, 111]. More efficient methods
finetune encoder-decoder representations for better align-
ment [36, 64, 69, 70]. Finetuning-free approaches use
distillation prompts to extract representations from model
weights or activations [34, 35, 41, 61], while other meth-
ods employ mixture-of-experts [52], expert models [99], or
embedding reranking [21].

Thus, current SOTA faces the following challenges: (1)
modality-specific rather than multimodal features, (2) re-
quiring finetuning, (3) limited flexibility due to specialized
prompts, and (4) dependence on multiple models. Our ap-
proach provides effective multimodal embeddings without
any gradient-based finetuning and flexibly apply to various
VL classification tasks without additional models.

3. Methods

In this section, we outline our approach for using sparse
attention vectors from the activation space of a transformer-
based large multimodal model (LMM) as features for any
VL classification task. The method consists of three main
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Figure 2. Sparse Attention Vectors (SAVs) Detailed View. Our method is broken into the following three parts: (1) Given a set of few
shot examples to be classified by a frozen LMM, we extract attention vectors across all heads and layers. (2) These attention vectors are
averaged across the set of examples for each class. For each head, we use these mean attention vectors as centroid classifiers, which are
then used to select a sparse set of k heads with the highest classification accuracy. (3) Finally, we use these sparse attention vectors to
directly classify new inputs via majority vote (denoted by the “Classifier” block).

steps: (i) extracting the attention vectors from all attention
heads in the model, (ii) identifying a sparse set of vectors
based on their ability to consistently return the correct la-
bel for some support set of examples, and (iii) using these
sparse features to classify new queries. We begin with a
formal description of the transformer decoder LLM and its
attention mechanism, followed by the detailed methodol-
ogy for sparse attention vector selection and classification.
A detailed view of our method is shown in Figure 2.

3.1. Preliminaries

A transformer-based large language model (LLM) with L
layers and H attention heads per layer processes input
sequences through multi-head self-attention mechanisms.
Each layer combines multiple attention heads to capture
different aspects of the input sequence, followed by feed-
forward networks for further processing.

Multi-Head Attention. Let x = {x1, x2, . . . , xT } repre-
sent a sequence of input tokens, where xi is the ith token.
For each layer l ∈ {1, . . . , L}, the input sequence is pro-
jected into queries, keys, and values for each attention head
m ∈ {1, . . . ,H}. Each head performs the following scaled
dot-product attention:

hm
l (xi) = softmax

(
QKT

√
dm

)
V

where Q, K, and V are the query, key, and value matrices
respectively, and the dimensionality of each head dm which
is given by d

H (the embedding dimension divided by the
number of heads). We denote hm

l (xi) as an attention vector
for head m in layer l.

The outputs of all heads are concatenated and projected
to form the layer output:

MultiHead(xi) = Concat(h1
l (xi), ...,h

H
l (xi))W

O

where WO is the output projection matrix.
In our work, we look to leverage attention vectors for

the purpose of vision-language classification tasks. Specifi-
cally, the attention vectors are used as latent representations
of the inputs to both find attention heads in an LMM suited
for a classification task and then perform downstream infer-
ence using those selected attention heads. We describe our
method in detail in the sections that follow.

3.2. Sparse Attention Vectors
Our key insight is that within the many attention heads and
transformer layers of an LMM, there exists a sparse subset
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that can serve as effective features for vision-language clas-
sification tasks. We present a three-step method to identify
and utilize these features to build lightweight classifiers.
Step 1: Extracting Attention Vectors. Given a frozen
LMM and few-shot examples of sequence-label pairs
{(x1, y1), (x2, y2), . . . , (xN , yN )}we first extract the atten-
tion vectors for each sequence xi. Specifically, we compute
the attention vector hm

l (xT
i ) for head m from layer l for

the final token xT
i . This yields a set of attention vectors

{hm
l (xT

i ) | i = 1, . . . , N} for each head m and layer l.
Step 2: Identifying Relevant Vectors. The central ques-
tion is how to identify which attention vectors are naturally
suited for the classification task at hand. We evaluate each
vector’s ability as a local classifier by computing its perfor-
mance under a nearest class centroid classifier.

Specifically, for each class c ∈ C, compute its centroid
(or mean) attention vector across the few shot examples:

µl,m
c =

1

|Nc|
∑

j:yj=c

hm
l (xT

j )

where Nc = {j : yj = c} is the set of indices of exam-
ples with label c. For each input xi, we compute its cosine
similarity to each class centroid head:

sl,m(xi, c) =
hm
l (xT

i ) · µl,m
c

∥hm
l (xT

i )∥∥µ
l,m
c ∥

, ∀c ∈ C

Next, we measure the classification accuracy of each
head (i.e. local classifier):

score(l,m) =

N∑
i=1

1[ŷ = yi]

where the nearest class centroid label is given as ŷ =
argmax

c∈C
sl,m(xi, c), and 1[·] is the indicator function that

evaluates to 1 when the condition is true (and 0 otherwise).
We denote the set of k top-scoring heads asHSAV:

HSAV = {(l,m) | score(l,m) is among k highest scores}

Step 3: Classification with Sparse Attention Vectors.
Given a query sequence Q to classify, we leverage our

sparse set of heads HSAV for prediction. For each head
(l,m) ∈ HSAV, we compute the class centroid µl,m

c clos-
est to the query as follows:

ŷl,m = argmax
c∈C

sl,m(QT , c)

where sl,m(·, ·) is defined as in Step 2. Our final class pre-
diction is that of a global classifier that counts the majority
vote across all local classifiers (heads) inHSAV:

argmax
y∈C

∑
(l,m)∈HSAV

1[ŷl,m = y]

This approach reveals a surprising capability of LMMs:
with just a few carefully selected attention heads (|HSAV| ≪
LH), we can transform a generative language model into
a lightweight vision-language classifier. This finding sug-
gests that classification-relevant features naturally emerge
within specific attention heads during model pretraining. In
theory, one could replace our local and global classifiers
with more complex varients (e.g. linear models, MLPs),
something we explore in 3a.

4. Evaluation
We apply SAVs to two state-of-the-art LMMs—LLaVA-
OneVision [45] and Qwen2-VL [98]. We also do a rigorous
comparison of our method to strong few-shot and finetuning
baselines on a variety of different image-text and image-
only vision-language classification tasks covering safety,
VQA, image-text retrieval, and simple classification.

4.1. Implementation Details
We implemented our approach in PyTorch [76]. We use the
official implementations of each model, and all of our ex-
periments can be run on a single NVIDIA A100 GPU. We
use the default hyperparameters provided by the original
models’ (LLaVA-OV and Qwen2-VL) codebases. These
hyperparameters are detailed in Table 8. More details of
the implementation is included in the supplementary in Sec-
tion 8.

4.2. Benchmarks
Safety. (1) LMM-Halucination [9] is a dataset which evalu-
ates the hallucinations of the models when answering multi-
modal tasks. We report the raw classifcation accuracy of our
method. Thus, the set of class labels for this task is given by
C = {“hallucinating”, “not hallucinating”}. (2) VLGuard
[114] is a dataset focusing on vision-language safety which
identifies 4 main categories of harmful content: Privacy,
Risky Behavior, Deception and Hateful Speech. VLGuard
proposes Attack Success Rate (ASR) for evaluating unsafe
inputs and Helpfulness for evaluating safe inputs. We sim-
ply reformat it as a classification task, where the set of class
labels is given by C = {“safe”, “unsafe”}.
VQA Datasets. In our work, we evaluate on VQA bench-
marks, many of which can be formulated as a classification
task. (1) BLINK [18] contains many tasks that are intuitive
for humans but complicated for multimodal models such
as multi-view reasoning, and visual similarity comparison.
Since potential answers in BLINK are multiple choice, the
class labels would be given as C = {“A”, “B”, “C”, “D”}
(note: the number of labels depends on the possible number
of options allowed for a task). (2) NaturalBench-VQA [44]
is a compositional dataset collected from natural image-
text corpora but validated with human filtering. Each sam-
ple of the dataset contains two questions on compositional
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CLIP - - - - - - - 41.8 45.0 23.2 35.3 64.0 88.1 96.1 92.8 97.8
SigLip - - - - - - - 54.5 54.9 31.2 42.7 63.9 98.3 97.6 95.8 98.4
GPT-4o† 39.4 45.7 59.0 58.1 64.6 66.4 39.6 65.0 67.0 40.5 48.3 70.5 98.3 98.3 99.0 99.3
LLaVA-1.5 44.3 31.0 38.0 50.0 37.7 43.8 12.7 36.7 42.7 12.2 24.9 26.3 43.0 20.6 51.8 49.0
Instruct-BLIP 44.0 18.5 38.7 34.5 20.2 24.2 4.0 19.5 21.3 1.1 4.7 20.4 56.0 11.0 18.2 33.8

LLaVA-OV-7B 34.7 31.4 45.0 60.4 52.0 53.3 27.0 56.2 58.0 32.1 15.3 66.5 88.1 92.5 83.2 85.3
+4-shot-ICL 25.0 35.0 38.9 47.8 47.6 50.4 22.2 48.2 49.6 31.5 16.1 47.1 63.9 49.0 63.8 60.6
+MTV 37.3 32.9 44.5 61.1 56.2 58.0 30.7 58.1 59.5 33.4 28.7 65.5 88.5 95.9 83.2 85.6
+LoRA 78.3 90.0 47.0 63.1 58.6 60.9 32.4 59.4 60.3 35.4 30.4 85.0 96.8 93.2 91.2 91.8
+SAVs 80.8 94.3 51.8 66.1 60.3 62.3 35.1 72.7 73.0 53.1 37.6 86.7 97.0 97.5 99.6 97.5

+46.1 +62.9 +6.8 +5.7 +8.3 +9.0 +8.1 +16.5 +15.0 +20.5 +22.3 +20.2 +8.9 +5.0 +16.4 +12.2

Qwen2-VL-7B 24.0 26.9 43.3 68.3 53.8 56.6 28.5 60.2 61.9 35.6 24.9 54.7 92.6 84.4 93.7 93.2
+4-shot-ICL 40.4 52.9 37.6 67.1 38.2 41.3 15.2 42.4 45.6 22.7 25.2 29.4 43.5 43.8 59.4 48.4
+MTV 32.3 21.9 41.9 68.5 54.8 57.3 29.7 63.5 64.0 37.0 40.7 52.3 91.7 91.2 94.3 94.1
+LoRA 84.8 87.7 46.3 70.8 55.3 57.4 28.8 65.2 66.1 40.4 38.4 72.9 98.4 96.4 97.1 95.0
+SAVs 85.1 96.0 47.2 68.3 57.6 60.9 32.3 70.0 71.0 42.5 47.5 79.9 98.1 97.6 99.8 98.7

+61.1 +69.1 +3.9 +0 +3.8 +4.3 +3.8 +9.8 +9.1 +13.8 +22.6 +25.2 +5.5 +13.2 +6.1 +5.5

Table 1. Results evaluation on Safety, Visual Question Answering (VQA), Image-Text Retrieval (I-T Retrieval), and Image Classification
benchmarks. The best result for each generative model is shown in bold and the second best in underline. We gray out additional baselines.
We note that CLIP and SigLIP cannot be evaluating directly on tasks with interleaved image-text queries. † GPT-4o is a close-source model
and as such, is shown just as an upperbound (since SAVs are not directly applicable). Key: NB - NaturalBench, SC - SUGARCREPE.

differences between two similar images, making Natural-
Bench especially challenging for any existing VL models.
The class labels are C = {“A”, “B”}. As suggested in
the paper, we evaluate “question accuracy” which awards
one point if a model correctly answers a question for both
images, “image accuracy” which awards a point when a
model answers both questions for an image, and finally
“group accuracy” awards one point when a model correctly
answers all four pairs. (3) Vizwiz [20] is VQA dataset
designed to progress research in vision systems to assist
blind and vision-impaired individuals. The dataset was col-
lected by asking blind people to take pictures and record
questions about the image. Although typically a genera-
tive task, we reformulate Vizwiz as first a classification task
distinguishing answerable and unanswerable questions fol-
lowed by standard response generation. The class labels are
C = {“answerable”, “unanswerable”}.

Image-Text Retrieval. NaturalBench-Retrieval [44] and
SUGARCREPE [28] both measure fine-grained semantic
understanding in image-text pairs, with class labels C =
{“Yes”, “No”} indicating whether an image-text pair is cor-
rectly matched. While SUGARCREPE presents one im-
age with two captions (original and altered), NaturalBench-
Retrieval adds complexity by using two similar images with
two corresponding captions, effectively eliminating lan-

guage bias and requiring models to capture more nuanced
visual-semantic relationships.
Image Classification. Image classification tasks evaluate a
model’s ability to categorize images into predefined classes.
We evaluate on several standard classification benchmarks:
EuroSAT [22] (satellite imagery for land use classification),
Oxford-IIIT-Pets [75] (pet breed identification with visually
similar categories), Flowers [71] (flower species recogni-
tion), Caltech Birds (CUB) [96] (fine-grained bird species
classification), and ImageNet-1k [10] (general object recog-
nition). For each dataset except ImageNet, we formulate
the task as a 4-way multiple choice question with labels
C = {“Class 1”, “Class 2”, “Class 3”, “Class 4”}. Due to
model oversaturation in simpler formulations, ImageNet-1k
is formulated as a 16-way classification problem.

4.3. Baselines
For our results, we utilized SAVs with 20 examples per la-
bel. We compared our method with multiple SOTA base-
lines, including GPT-4o [73]. As a closed-source model,
GPT-4o is presented simply as a strong closed-source base-
line. Furthermore, we present the results of classic LMMs,
LLaVA-1.5 and InstructBLIP, which have been previously
applied to image classification [111]. Zero-shot (ZS) base-
lines are implemented by querying the model directly and
generating a response. For image-text retrieval, ZS uses the
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Figure 3. Head Visualization. On the top row, we show the top-20 attention head locations for a given task. All the heads are indexed
by their (head, layer) position, and the selected heads are highlighted. On the bottom row, we visualize the attention vector of few-shot
examples for the top head of the given class with t-SNE clustering [26]. Each point represents the embedding of an input sample.

SOTA generative scoring method VQAScore [57]. In addi-
tion to ZS, we also compare to several test-time and fine-
tuning few-shot methods (all with the exact same sample
complexity as SAVs). For instance, we compare to the cur-
rent SOTA multimodal few-shot method, MTV [30] as well
as doing 4-shot ICL and LoRA [29] finetuning for each task.

4.4. Results

Results are shown in Table 1. An advantage of our method
is its adaptability to any VL classification task that has im-
age, text, or interleaved image-text inputs. Thus, we ap-
ply SAVs to a wide range of tasks in safety, VQA, image-
text retrieval and image classification. Furthermore, our
approach even significantly improves over SOTA ZS, few-
shot, and finetuning methods. One interesting observa-
tion is that few-shot ICL consistently deteriorates perfor-
mance. We hypothesize that instructioning tuning of LMMs
disrupts the few-shot prompting capabilities gained dur-
ing pretraining in favor of structured instructions as shown

in [14, 86]. On the other hand, SAVs overcome this by di-
rectly operating on the internal activations. Finally, not only
is our method successful across a wide-range of tasks, but
it also improves on challenging visual perception and com-
positional reasoning tasks (e.g., BLINK and NaturalBench)
that all VL models struggle with. Please refer to our sup-
plementary section in Section 7 for mor results.

4.5. Ablations

We perform a comprehensive ablation study of our method
on MHaluBench, NaturalBench, and EuroSAT (see Ta-
ble 2). For more ablations, please refer to Section 7.1 in
the Supp. For all ablations, we use LLaVA-OneVision-7B.
Varying number of examples. In Figure 4 (left), we exam-
ine the impact of varying the number of few-shot examples
used in our method. Our primary results in Table 1 indi-
cate that just 20 examples per label are necessary to yield
state-of-the-art performance on a variety of VL classifica-
tion tasks. This ablation shows that accuracy on these tasks
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Figure 4. Scaling Property of SAVs. Performance of LLaVA-OneVision-7B + SAVs on varying number of few-shot examples per label
(left). Performance of of LLaVA-OneVision-7B + SAVs on varying numbers of attention vectors used (right).

can scale with increasing numbers of examples per label.
Varying number of attention vectors. In order to extract
attention vectors, we select a very sparse set of heads from
hundreds. We vary the number of attention vectors selected
in Step 2 of our method and demonstrate that just 20 vectors
are enough to realize nearly all of the classification accuracy
of our method. Results are shown in Figure 4 (right).
SAVs are flexible to different evaluation strategies. In
our method, we leverage class centroid classification as the
evaluation method for selecting sparse features. We view
this flexibility of the sparsification method to be a key fea-
ture of our work. As such, we compare our class centroid
classification approach to k-nearest neighbors (KNN) and
linear probing. For linear probing, we train a lightweight
MLP module for 20 epochs using the top heads’ features.
All methods make use of the same 20 examples per label
for consistency. Our results in Table 3a show that class
centroid classification outperforms both KNN classification
and is comparable with linear probing.
Comparing heads vs. layers. Based on prior work and
transformer-architecture intuition, we treat the attention
vectors outputted by the heads as a viable set of features
for classification tasks. We verify this intuition by compar-
ing the performance of selecting 2 sparse layers to select-
ing sparse heads as feature maps for our tasks. As shown
in Table 3b, head-based attention vectors outperform con-
catenated layer features on all three benchmarks.

4.6. Additional Experiments
In this subsection, we present experiments that demonstrate
additional properties and capabilities of SAVs, beyond its
use as features for VL classification tasks. Additional ex-
periments can be found in Section 7.2 of the Supplementary.
For all experiments, we use LLaVA-OneVision-7B.
Visualizing SAVs. SAVs are both an efficient and inter-
pretable method for leveraging generative LMMs for VL

classification tasks. To emphasize this point, we show the
selected heads for hallucination detection, relative depth,
and image classification in the first row of Figure 3. The
visualizations demonstrate both the sparsity and specificity
of the SAVs that are used for each task. Unlike prompting
and finetuning methods, our approach clearly outlines ex-
actly where in the model’s activation space informative at-
tention vector features are extracted from. We furthermore
show that the features extracted from these heads are useful
for the given task in the second row of the figure, where we
visualize the features outputted by the top selected head for
each few-shot sample via t-SNE [26]. The clear clustering
of examples of the same label indicates that even with a sin-
gle head, high-quality features are being selected as SAVs.
Evaluating SAVs generalizability. Here, we ask whether
SAVs extracted from one task, can generalize to another
similar task. We utilize SAV heads from VLGuard to eval-
uate on MhaluBench and vice versa. We do a similar ap-
proach with LoRA, by applying LoRA finetuned on VL-
Guard to MHaluBench. Interestingly, our results in Ta-
ble 2a show that SAVs generalize between tasks, while
LoRA weights, as expected, overfit to the finetuned task.
Comparing SAVs to CLIP/SigLIP on interleaved image-
text tasks. As discussed in Section 1, SAVs are fully multi-
modal features able to represent inputs that are image-only,
text-only, and even interleaved image-text. This is some-
thing that is not possible to directly replicate with CLIP
and SigLIP models which have separate image and text
encoders. Nevertheless, we compare our method to both
CLIP and SigLIP on tasks that require interleaved image-
text inputs. While SAVs can do this natively, we enable
this comparison by concatenating the separate image and
text features of CLIP and SigLIP in order to evaluate on
MHaluBench and NaturalBench. We find that our method
vastly outperforms concatenated CLIP and SigLIP features
on both benchmarks as shown in Figure 2b. This result
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(a) Generalization

MHB VLG

Zero-Shot 34.7 31.4
VLG LoRA 34.1 90.0
VLG SAV 55.3 94.3

(b) Interleaved Tasks

MHB NB

CLIP 51.9 1.2
SigLIP 48.6 1.2
SAVs 80.8 35.1

(c) SAVs vs Few-Shot SigLIP

NB ES

SigLIP Few-shot Mean 1.2 88.2
SigLIP Few-shot Cross-Modal 6.8 86.4
SAVs 35.1 86.7

Table 2. Additional SAVs Experiments. We (a) demonstrate the generalization of SAV heads to similar tasks, (b) show the effectiveness
of SAV for tasks with interleaved image-text inputs, and (c) compare SAVs with few-shot formulations of CLIP and SigLIP.

(a) Classification Methods

MHB NB ES

Class Centroid 80.8 35.1 86.7
KNN 53.0 11.0 78.1
Linear Probe 82.5 32.9 83.1

(b) Sparse Configurations

MHB NB ES

Sparse Heads 80.8 35.1 86.7

Sparse Layers 79.0 28.4 81.8

Table 3. SAVs Ablations. We perform several ablations to identify the important aspects of our method that contribute to its effectiveness.
In particular, we compare the effectiveness of (a) different classification methods and (b) head feature sparsification versus layer feature
sparsification. Note: MHB represents MHaluBench, NB represents NaturalBench Group Score, and ES represents EuroSAT. For more
ablations, please refer to Section 7.1 in the Supplementary.

demonstrates the adaptability of our method to any VL clas-
sification regardless of the input’s modality.
Comparing SAVs to few-shot SigCLIP. As SAVs are ex-
tracted with few-shot examples, we compare our method
to an analogous version of few-shot SigLIP. However, be-
cause SigLIP cannot be directly made few-shot, we adapt
SigLIP as a few-shot class centroid classifier. One method
used is the current SOTA few-shot classification method for
encoder models Cross-Modal Adaptation [56]. We apply a
second method where we aggregate CLIP/SigLIP embed-
dings into a mean embedding for each label. Then, just as
in SAVs, we perform class centroid classification for each
query using our set of mean SigLIP embeddings. We note
that for image classification like EuroSAT, only image em-
beddings are needed, but for MHaluBench, multimodal em-
beddings are necessary. SAVs are inherently multimodal
and so can be flexibly applied to both, but CLIP/SigLIP
only have image-only or text-only embeddings. To over-
come this, we use SigLIP image features for EuroSAT and
concatenate image and text features for MHaluBench. In-
terestingly, while SiGLIP is comparable to SAVs on Eu-
roSAT, our method vastly outperforms SigLIP in the few-
shot setting for MHaluBench, suggesting generalizability of
our method for a variety of multimodal tasks that CLIP-like
struggle with. Our results are shown in Table 2c.

5. Conclusion

Our research demonstrates the effectiveness of extracting
Sparse Attention Vectors (SAVs) from the heads of an LMM
and utilizing them directly for vision-language classifica-
tion. Our method stands out by using only few-shot exam-

ples per label and only less than 1% of the heads to out-
perform zero-shot, few-shot, and fine-tuned baselines on a
variety of image-text and image-only tasks. In addition,
SAVs allows generative LMMs to close the gap with closed-
source GPT-4o while also being an interpretable method
that can generalize to similar tasks. Our ablations reveal
the flexibility of using any classification method as a spar-
sification method for attention vectors and also shows that
features are found as outputs of heads rather than layers.
Overall, these results show that SAVs is a lightweight, per-
formant, and generalizable method for extending generative
LMMs’ multimodal classification abilities. We are encour-
aged by the outcomes, and anticipate many directions for
future work. In addition to methodological improvements,
we look forward to the application of SAVs as features for
multimodal retrieval, data compression, or more generally
as a distilled representation for downstream models.

6. Limitations

Sparse Attention Vectors are a significant step in general-
izing the capabilities of generative LMMs to classification
tasks. Nevertheless, it is valuable to consider certain lim-
itations of our approach. SAVs are a method that requires
access to the model’s internal architecture and so may not be
directly applicable to closed-source models like GPT-4 [73]
and Gemini [89, 90]. Additionally, some tasks like image-
text retrieval [28, 91] can benefit from more fine-grained
confidence metrics attached to each label than proportion
of voting heads per label. These challenges prompt future
work in these directions as well as exciting questions about
how to use SAVs as feature embeddings for other tasks.
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