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Abstract

Pretrained vision-language models such as
CLIP excel at zero-shot recognition but often
fail at compositionality, particularly attribute-
object and relational structures. Recent stud-
ies mitigate this issue by augmenting train-
ing with synthetic hard negatives generated
by a cascade of large language models and
text-to-image models, which incurs substantial
pipeline overhead. We instead propose MLLM-
CLIP, a heterogeneous distillation framework
that transfers multimodal knowledge directly
from a generative Multimodal Large Language
Model (MLLM) teacher into a discriminative
CLIP student, bypassing synthetic data en-
tirely. To bridge the architectural mismatch
between the two paradigms, we introduce an
attention-based per-layer token selection and
a CKA-based distillation loss. Compared to
prior CLIP-enhancement methods, MLLM-
CLIP achieves state-of-the-art compositional
accuracy while delivering consistent gains on
standard zero-shot classification and image-text
retrieval, showing that feature-level distillation
strengthens both compositional and general
vision-language representation capability.

1 Introduction

The emergence of CLIP (Radford et al., 2021)
marked a turning point in vision-language learning,
showing strong performance in zero-shot classifi-
cation and retrieval. Following its success, a wide
range of approaches have been proposed to enhance
CLIP, with a focus on embedding space (Goel et al.,
2022; Lee et al., 2022; Lavoie et al., 2024), data
efficiency (Li et al., 2021; Joshi et al., 2024), and
higher-quality captions (Fan et al., 2023; Lai et al.,
2024). Despite these advances, a critical limitation
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Figure 1: Two distillation paradigms. (a) Prior methods
synthesize hard-negative samples via cascaded LLM
and image generators. (b) We distill hidden states from
a frozen MLLM into CLIP directly.

has emerged: CLIP often exhibits a bag-of-words
behavior (Yuksekgonul et al., 2022), which pre-
vents it from capturing the compositionality.

Constructing hard negatives that require compo-
sitional reasoning is a common direction to mitigate
this issue. Recent studies (Wu et al., 2023; Patel
et al., 2024; Singh et al., 2025) pursue this through
what we term data-level distillation: external Large
Language Models (LLM) and text-to-image gener-
ative models are used to synthesize hard-negative
captions and images, and the teacher knowledge is
delivered to CLIP only through these synthesized
samples. However, this paradigm suffers from two
key limitations: (1) the lack of unified multimodal
understanding, as it relies on separate experts; and
(2) the inherent inefficiency of its sequential data-
generation pipeline. These shortcomings motivate
a shift from data-level to feature-level distillation:
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rather than expressing teacher knowledge as ad-
ditional training samples, we transfer it directly
through the hidden-state features of a unified Multi-
modal Large Language Model (MLLM). As shown
in Figure 1, we instantiate this idea as MLLM-
CLIP, which aligns the hidden states of an MLLM
teacher with a CLIP student in a single forward
pass, removing the iterative sampling and quality-
control overhead of synthetic-data pipelines.

Realizing this idea requires solving a prob-
lem fundamentally different from prior distillation
work. Conventional CLIP-to-CLIP (Yang et al.,
2024) and MLLM-to-MLLM (Cai et al., 2025) dis-
tillation operate within a single architectural family.
In contrast, our setting is heterogeneous: a gener-
ative MLLM decoder serves as the teacher and a
discriminative CLIP encoder as the student.

We first conduct a pilot study showing that base
MLLMs exhibit strong compositional understand-
ing while their embedding-tuned counterparts do
not, motivating distillation from the base MLLMs.
We then address two design challenges induced
by heterogeneity. To select the most informative
teacher signal without layer correspondence, we
propose an attention-based token selection. To sta-
bly bridge the feature-space gap, we adopt a variant
of CKA (Kornblith et al., 2019) loss that aligns
structural relationships.

We evaluate MLLMCLIP on 11 compositional-
ity benchmarks, 13 zero-shot classification datasets,
and 2 image-text retrieval benchmarks, consistently
outperforming prior CLIP-enhancement methods
and achieving the highest average score across all
regimes. Moreover, MLLMCLIP achieves com-
petitive compositional accuracy with an order-of-
magnitude lower compute cost than recent MLLM-
as-embedding approaches (Meng et al., 2025). The
contribution of our paper is summarized as follows:

• We propose a heterogeneous distillation
framework that transfers multimodal knowl-
edge from a generative MLLM decoder into a
discriminative CLIP encoder.

• We design a distillation pipeline tailored to the
architectural mismatch, combining attention-
based teacher-token selection with a CKA-
based feature alignment loss.

• MLLMCLIP outperforms previous CLIP-
enhancement methods on 26 benchmarks
across compositionality, classification, and re-
trieval with diverse MLLM teachers.

2 Related Works

2.1 Compositionality

The success of CLIP has inspired numerous stud-
ies (Mu et al., 2022; Lavoie et al., 2024; Zheng
et al., 2024) aimed at enhancing its generalizabil-
ity through data augmentation, improved training
strategies, and enriched textual supervision, such
as incorporating paraphrased or longer captions
during training. In contrast to these general en-
hancements, Yuksekgonul et al. (2022) identifies
a key limitation of CLIP: its tendency to behave
like a bag-of-words model. This observation in-
troduces the issue of compositionality, which has
led to the development of new benchmarks (Krojer
et al., 2022; Peng et al., 2024; Dumpala et al., 2024)
specifically designed to assess compositional rea-
soning in vision-language models. To address this
problem, prior work has explored several strategies
for constructing hard negative pairs for contrastive
learning. Early works employ WordNet (Fellbaum,
2010) to generate semantically challenging neg-
ative texts (Yuksekgonul et al., 2022; Oh et al.,
2024). Subsequent methods utilize LLMs to syn-
thesize negative texts and further leverage text-to-
image generative models to produce corresponding
negative images, enabling sequential construction
of multimodal negatives (Wu et al., 2023; Patel
et al., 2024; Singh et al., 2025).

2.2 Distillation Paradigms

We distinguish two regimes in knowledge distil-
lation based on the architectural relationship be-
tween teacher and student. Most prior efforts are
homogeneous: a larger model is compressed into
a smaller model within the same family. This di-
rection has been explored extensively for CLIP-to-
CLIP distillation (Yang et al., 2024; Chen et al.,
2024), LLM-to-LLM distillation (Chenglin et al.,
2024; Xu et al., 2024b), and MLLM-to-MLLM dis-
tillation (Cai et al., 2025; Xu et al., 2024a), where
the knowledge being transferred remains within
the same paradigm. In contrast, distilling from the
generative decoder of an MLLM into the discrimi-
native encoders of CLIP introduces a fundamental
architectural and paradigmatic mismatch. MLLM-
CLIP is a heterogeneous distillation framework that
bridges these two families, transferring the multi-
modal understanding of a generative MLLM into a
discriminative CLIP student.



Table 1: SugarCrepe accuracy of representative MLLM-
as-judge and embedding-based teachers. Embedding
models are position-invariant; full results are in Table F.

Type Model (Backbone) First Second Avg.

MLLM

LLAVA-1.6-mistral-7B 95.6 74.3 85.0
LLaMA-3.2-Vision-11B 92.1 92.5 92.3
Qwen2-VL-2B 88.9 95.4 92.2
Qwen3-VL-2B 94.0 95.0 94.5
Qwen3.5-2B 88.5 96.0 92.3
InternVL3.5-2B 94.2 89.4 91.8

Embed.

VLM2Vec-v1 - 66.7(LLAVA-1.6-mistral-7B)
VLM2Vec-v2 - 72.7(Qwen2-VL-2B)
Qwen3-VL-Embedding-2B - 83.0(Qwen3-VL-2B)

3 Does MLLM Possess Sufficient
Compositionality?

Before constructing a distillation framework, we
first ask a prerequisite question: do current MLLMs
themselves understand compositional structures
well enough to act as a teacher? A model that
struggles with compositional benchmarks cannot
transfer compositional knowledge to a student. We
therefore conduct a pilot study that measures the
compositional understanding of recent MLLMs.

QA-based Evaluation Protocol. We adopt the
SugarCrepe benchmark (Hsieh et al., 2023), which
is designed to test compositional understanding in
vision-language models. The benchmark provides
an image paired with a correct and a perturbed
caption, and is typically solved by selecting the
caption with the higher image-text similarity score.
Since MLLMs are not assessed via simple simi-
larity scores, we reformulate the benchmark as a
question-answering task. The model is prompted
with an image and a multiple-choice query:

Judge prompt (example)

Which caption correctly describes the image?
A. The horse is eating the grass.
B. The grass is eating the horse.
Answer with a single letter (A or B).

Models and Procedure. We evaluate recent
open-source MLLMs: LLaVA-1.6 (Liu et al.,
2024), LLaMA-3.2-Vision (Grattafiori et al., 2024),
the Qwen series (Bai et al., 2025; Qwen Team,
2026), and the InternVL series (Zhu et al., 2025;
Wang et al., 2025). For comparison, we also re-
port MLLM-based embedding models (Jiang et al.,
2024; Meng et al., 2025; Li et al., 2026) on the same
benchmark. To account for position bias, MLLMs

are evaluated twice by swapping the position of the
ground-truth caption.

Table 1 shows that MLLMs achieve consistently
high compositional ability, while their embedding-
tuned counterparts lag substantially. These results
show that embedding-style fine-tuning weakens
compositional understanding regardless of the un-
derlying MLLM. We therefore directly distill the
compositional understanding of base MLLMs.

4 Method

We now describe MLLMCLIP, a teacher-agnostic
feature-level distillation framework that transfers
multimodal knowledge from an MLLM teacher
into a CLIP student, illustrated in Figure 2.

4.1 Architecture

4.1.1 Student Embedding (CLIP)
The student model consists of separate CLIP-based
image and text encoders, denoted as f I and fT , re-
spectively. We follow the standard CLIP-style input
processing: patch embedding followed by prepend-
ing a [CLS] token for image input xI , and tokeniza-
tion with [SOS] and [EOS] for text input xT . Each
sequence is passed through its encoder to produce
layer-wise hidden states:

hIl ∈ RdIs , hTl ∈ RdTs , l = 1, . . . , Ls, (1)

where hIl and hTl denote the hidden states of the
[CLS] and [EOS] tokens from the l-th layer of the
image and text encoders, respectively. Here, Ls is
the number of encoder layers, and dIs , dTs are the
hidden dimensions of the image and text encoders.
To align the feature dimensions of the teacher and
student, the hidden states are passed through auxil-
iary layers (AuxI , AuxT ) as follows:

hStud,I
l = AuxI(hIl ), hStud,T

l = AuxT (hTl ) (2)

where hStud,I
l , hStud,T

l ∈ RD. These student rep-
resentations are used to match the corresponding
teacher representations. In parallel, the final-layer
representations are projected into a common em-
bedding space for contrastive learning. Follow-
ing the original CLIP architecture, these projection
heads, ProjI and ProjT , are implemented as a single
linear layer:

zI = ProjI(hILs
), zT = ProjT (hTLs

), (3)

where zI , zT ∈ Rd.
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Figure 2: Overview of the MLLMCLIP framework. Student features are passed through auxiliary layers before
alignment, and attention-based token selection obtains salient teacher tokens.

4.1.2 Teacher Embedding (MLLM)

The teacher model jointly encodes image xI and
text xT as a unified sequence. The image is first tok-
enized via patch embedding and processed through
a vision encoder, which is part of the MLLM ar-
chitecture. The text input is inserted into a fixed
template designed to activate the model’s compo-
sitionality, as detailed in Appendix B.2. We con-
catenate the image features with the [Image End]
token, followed by the text tokens, before passing
them through the decoder blocks.

The teacher model produces hidden states from
each decoder layer l ∈ {1, . . . , Lt}, denoted as

[hMLLM
l,1 , . . . , hMLLM

l,N ], hMLLM
l,n ∈ Rdt . (4)

Note that N is the sequence length, and Lt and dt
denote the number of decoder layers and the feature
dimension of the teacher model, respectively.

Token-wise Selection. To identify a representa-
tive teacher token within the sequence, we use self-
attention weights from each decoder layer. Let
A

(k)
l ∈ RN×N denote the attention matrix from

head k ∈ {1, . . . ,K} at layer l, where K is the
number of attention heads. We begin by averaging
the attention weights across all heads:

Āl =
1

K

K∑
k=1

A
(k)
l ∈ RN×N . (5)

We then compute the maximum attention each to-
ken receives across all query positions:

al,n = max
i∈{1,...,N}

Āl[i, n], (6)

where Āl[i, n] denotes the attention weight from
token i (as query) to token n (as key). Finally, we
select the token with the highest received attention:

n∗
l = argmax

n∈{1,...,N}
al,n, hTeach

l = hMLLM
l,n∗

l
. (7)

This strategy selects the most attended token in
each layer, under the assumption that such tokens
are likely to carry salient multimodal information.

Layer-wise Selection. While token selection is
guided by attention, we empirically select a subset
of teacher layers for distillation to reduce computa-
tional cost. Let S = {s1, . . . , sLs} ⊆ {1, . . . , Lt}
denote the selected set of teacher layers, where
|S| = Ls. We explore strategies such as select-
ing layers from fixed relative positions (e.g., sam-
pling from early, middle, and late stages of the
teacher) or using uniform stride intervals across the
full depth. This design is motivated by the char-
acteristic of Transformer representations, where
lower layers tend to capture fine-grained informa-
tion and higher layers encode abstract multimodal
semantics. Based on empirical results, we adopt the
stride-based selection strategy for all experiments.



4.2 Loss Functions
4.2.1 Contrastive Loss
Following the standard CLIP training (Radford
et al., 2021), we use an InfoNCE loss to align im-
age and text embeddings. Let zIi and zTi denote the
image and text embeddings for the i-th sample in a
batch of size B. The contrastive loss using image
embeddings as anchors is given by:

LI
contrast =

1

B

B∑
i=1

− log
exp(sim(zIi , z

T
i )/τ)∑B

j=1 exp(sim(zIi , z
T
j )/τ)

, (8)

where sim(·, ·) denotes cosine similarity and τ is
a temperature. Similarly, we compute LT

contrast by
treating text embeddings as anchors. The final con-
trastive loss is given by:

Lcontrast =
1

2

(
LI

contrast + LT
contrast

)
. (9)

4.2.2 Distillation Loss
To align intermediate representations between the
teacher and student models, we consider a set of
similarity-based objectives for distillation. These
objectives fall into two main categories:

• Direct similarity loss: such as mean squared
error (MSE), which operates on a per-sample
basis and compares feature vectors directly.

• Relational similarity loss: such as Centered
Kernel Alignment (CKA) (Kornblith et al.,
2019), which assesses structural similarity by
aligning either the sample-level Gram matri-
ces or the feature-level covariance matrices.

Direct Similarity Loss. Direct similarity losses
enforce a sample-wise correspondence between the
teacher’s and the student’s intermediate represen-
tations. Within a mini-batch size B, let hStud,I

l,i

denote the student’s image representation for the
i-th sample from layer l, and hTeach,I

sl,i
be the cor-

responding teacher’s image representation from a
selected teacher layer sl. For each layer, we com-
pute the similarity loss between the student and
teacher representations for both image and text,
and sum across layers. The resulting objective is
averaged over the batch:

Ldistill =
1

B

B∑
i=1

1

Ls

Ls∑
l=1

1

2

(
ℓdirect(h

Stud,I
l,i , hTeach,I

l,i )

+ ℓdirect(h
Stud,T
l,i , hTeach,T

l,i )
)
, (10)

where Ls is the number of student layers. In our
experiments, we consider MSE, cosine similarity,
KL divergence, and JS divergence as direct loss
functions, denoted as ℓdirect.

Relational Similarity Loss. We primarily adopt
the CKA-based loss, which is effective for trans-
ferring knowledge between different architec-
tures (Dasgupta and Cohn, 2025). Unlike direct
similarity losses, CKA captures the global struc-
tural alignment of representations across a batch
of samples. We first gather the layer-wise repre-
sentations for all B samples in a mini-batch into
matrices. For a given modality, let Xl ∈ RB×D

be the matrix of student hidden states from layer l,
and Ysl ∈ RB×D be the matrix of corresponding
teacher hidden states from layer sl. CKA operates
by comparing the Gram matrices of these centered
feature matrices. First, the matrices are centered:

X̃l = Xl−
1

B
11⊤Xl, Ỹsl = Ysl−

1

B
11⊤Ysl ,

(11)
where 1 is a column vector of ones. The Gram
matrices, Kl ∈ RB×B and Lsl ∈ RB×B , are then
computed:

Kl = X̃lX̃
⊤
l , Lsl = ỸslỸ

⊤
sl
. (12)

Finally, CKA is calculated as the normalized Frobe-
nius inner product of these Gram matrices:

CKA(Xl,Ysl) =
⟨Kl,Lsl⟩F

∥Kl∥F ∥Lsl∥F
, (13)

where ∥ · ∥F and ⟨·, ·⟩F denote the Frobenius norm
and Frobenius inner product, respectively. The
CKA similarity score is converted into a loss for
a single layer, ℓCKA. We adopt a common variant
that uses a square root, which can provide better
gradient properties and create a more sensitive loss
when the similarity is high. The total CKA loss
is calculated by averaging the single-layer losses
across both image and text modalities and summing
them over a predefined set of layers:

ℓCKA(Xl,Ysl) = 1−
√

CKA(Xl,Ysl), (14)

Ldistill =
1

Ls

Ls∑
l=1

1

2

(
ℓCKA(X

I
l ,Y

I
sl
) + ℓCKA(X

T
l ,Y

T
sl
)
)
.

(15)
Using a weighting factor λ, the total training objec-
tive is defined as:

Ltotal = Lcontrast + λLdistill. (16)



Table 2: Performance on 11 compositionality benchmarks.
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CLIP – 35.6 11.6 14.8 15.0 59.7 75.8 55.1 64.5 41.3 7.00 28.5 37.1
LaCLIP LLAMA-7B 35.2 9.98 14.4 14.8 64.0 76.9 56.6 64.8 41.5 4.75 28.3 37.5
NegCLIP Qwen3-4B 36.2 11.7 14.8 15.8 62.4 76.3 56.1 64.0 40.9 7.00 28.2 37.6
FSC-CLIP Qwen3-4B 35.1 9.86 16.3 14.9 63.8 78.8 57.4 64.4 41.8 5.50 29.2 38.0
TripletCLIP Qwen3-4B, SDXL-Turbo 34.6 10.5 16.4 16.9 65.7 78.8 59.4 64.8 41.1 4.25 29.0 38.3

MLLMCLIP
(Ours)

LLaVA-1.6-Mistral-7B 32.1 10.7 15.5 15.6 69.3 79.4 55.9 64.6 43.6 7.25 26.5 38.2
Qwen3-VL-2B 34.6 12.0 17.0 17.7 71.3 82.3 59.2 66.9 43.8 8.00 28.2 40.1
Qwen3.5-2B 34.1 11.9 17.9 17.3 72.1 81.4 58.8 66.3 43.7 7.75 28.3 40.0
InternVL3-2B 35.0 12.3 18.1 17.6 72.0 81.8 57.9 66.2 43.5 6.00 29.8 40.0
InternVL3.5-2B 37.0 12.2 18.7 18.3 71.8 81.9 58.3 66.9 43.5 7.00 29.1 40.4

5 Experiments

Data & Pre-processing. We use CC3M (Sharma
et al., 2018) as the base pretraining dataset. For
each image-caption pair, we format the caption
with a structured template designed to encourage
compositional reasoning and pass it through the
frozen MLLM teacher to extract per-layer features
offline. For evaluation, we use 11 compositionality
benchmarks, 13 zero-shot classification datasets,
and 2 image-text retrieval benchmarks. Full bench-
mark descriptions and the teacher prompt template
are provided in Appendix B.1 and B.2.

Implementation Details. We evaluate MLLM-
CLIP with five MLLM teachers: LLaVA-1.6-
Mistral-7B (Liu et al., 2024), Qwen3-VL-2B (Bai
et al., 2025), Qwen3.5-2B (Qwen Team, 2026),
InternVL3-2B (Zhu et al., 2025), and InternVL3.5-
2B (Wang et al., 2025). Each teacher is distilled
into a CLIP Base student, comprising a ViT-B/32
image encoder and a 12-layer Transformer text en-
coder, with an auxiliary head of a linear projection
followed by Layer Normalization on each modal-
ity branch. Every student is trained from scratch
on CC3M rather than fine-tuned from a pretrained
CLIP checkpoint. All models are trained with a
global batch size of 4096, and any additional nega-
tive samples introduced by competing methods are
included within the same budget. Full hyperparam-
eter configurations are provided in Appendix B.2.

5.1 Reproducing Prior Works
We reproduce four CLIP-enhancement baselines:
LaCLIP (Fan et al., 2023), NegCLIP (Yuksekgonul
et al., 2022), FSC-CLIP (Oh et al., 2024), and
TripletCLIP (Patel et al., 2024). These methods

enhance CLIP training by incorporating supervi-
sion from external Large Language Models and
image generative models. For LaCLIP, we use
the publicly released LLaMA-generated positive
captions1. For NegCLIP and FSC-CLIP, we gener-
ate hard negative captions using Qwen3-4B (Yang
et al., 2025). For TripletCLIP, we feed the Qwen3-
4B-generated captions into SDXL-Turbo (Sauer
et al., 2024) to synthesize corresponding negative
images using the prompt templates from the origi-
nal paper, yielding one negative caption-image pair
per CC3M sample.

5.2 Main Results

Compositionality. Table 2 reports performance
on the 11 compositionality benchmarks. Previous
CLIP-enhancement methods show modest gains
over CLIP. LaCLIP, which adds positive captions,
yields a marginal improvement. NegCLIP and
FSC-CLIP achieve a slightly larger gain with LLM-
generated hard negative captions. Even with image
synthesis, TripletCLIP brings limited further bene-
fit over caption-only methods. In contrast, MLLM-
CLIP outperforms previous methods, with the gain
becoming pronounced for stronger teachers. This
confirms that compositional reasoning is more ef-
fectively strengthened by feature-level distillation
from MLLM than by data-level pipelines that syn-
thesize additional training samples. To verify that
this gain stems from the transfer mechanism rather
than from teacher identity, Appendix A repeats the
comparison with the same MLLM supplying both
the data-level and the feature-level supervision, and
separately ablates the teacher prompt.

1https://github.com/LijieFan/LaCLIP

https://github.com/LijieFan/LaCLIP


Table 3: Zero-shot classification performance on 13 classification datasets.
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CLIP – 37.8 53.3 21.7 7.93 12.1 12.4 8.88 8.91 12.4 20.0 9.95 15.9 54.0 21.2
LaCLIP LLAMA-7B 41.7 49.7 21.2 11.2 14.3 19.5 11.2 9.34 13.7 30.7 10.1 17.1 60.9 23.9
NegCLIP Qwen3-4B 41.4 55.3 24.1 10.6 18.3 18.9 9.16 9.49 13.7 30.4 8.81 17.9 56.8 24.2
FSC-CLIP Qwen3-4B 41.5 54.2 25.1 9.84 18.0 16.8 9.03 9.40 13.5 20.8 10.1 20.3 63.1 24.0
TripletCLIP Qwen3-4B, SDXL-Turbo 42.4 46.5 22.3 13.5 24.6 17.2 10.4 9.97 14.2 23.9 10.8 22.8 56.3 24.2

MLLMCLIP
(Ours)

LLaVA-1.6-Mistral-7B 48.2 65.0 32.1 13.8 19.0 14.8 8.4 10.8 15.4 33.2 10.2 24.4 66.6 27.8
Qwen3-VL-2B 48.8 67.5 33.0 15.0 25.5 19.1 10.3 12.3 16.7 43.2 12.3 19.6 64.1 29.8
Qwen3.5-2B 51.3 67.6 34.6 16.2 26.1 23.5 9.13 12.4 17.5 39.1 13.8 24.3 71.8 31.3
InternVL3-2B 48.9 71.4 34.8 16.9 22.2 19.7 10.7 12.8 17.5 46.7 16.5 23.3 66.8 31.4
InternVL3.5-2B 51.0 69.4 36.6 16.8 17.9 19.8 11.4 12.0 17.9 47.6 13.6 25.5 68.1 31.3

Table 4: Zero-shot retrieval performance on MSCOCO and Flickr-30K datasets.

Image–to–text retrieval Text–to–image retrieval

MSCOCO Flickr-30K MSCOCO Flickr-30K

Method External Source R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10

CLIP – 9.02 24.3 33.7 18.3 39.9 50.4 6.85 18.7 27.1 12.9 31.6 41.5
LaCLIP LLAMA-7B 9.80 24.8 33.7 20.8 40.4 51.5 6.72 19.1 27.8 15.9 36.8 47.8
NegCLIP Qwen3-4B 9.38 24.4 34.4 20.1 42.8 53.6 7.66 20.0 28.5 13.7 32.2 42.7
FSC-CLIP Qwen3-4B 11.4 27.8 37.7 22.0 46.7 58.0 8.91 23.5 32.8 17.4 38.4 49.0
TripletCLIP Qwen3-4B, SDXL-Turbo 12.3 29.9 40.3 22.9 46.8 59.6 9.11 23.5 33.1 17.8 39.1 49.8

MLLMCLIP
(Ours)

LLaVA-1.6-Mistral-7B 11.2 31.9 43.7 26.2 56.8 66.6 9.4 26.4 36.5 21.3 45.0 55.4
Qwen3-VL-2B 12.6 32.7 43.4 28.9 56.1 67.0 11.2 27.8 37.7 22.3 46.1 57.1
Qwen3.5-2B 13.8 34.3 45.7 28.6 58.2 67.5 11.4 28.4 38.9 22.7 46.8 57.0
InternVL3-2B 14.7 35.2 47.0 31.2 59.4 69.0 11.6 29.1 39.0 23.8 47.5 58.5
InternVL3.5-2B 14.4 35.0 47.1 29.8 57.7 67.9 11.7 29.2 39.2 23.1 47.2 57.9

Zero-shot Classification & Retrieval. Tables 3
and 4 report zero-shot classification on 13 datasets
and image-text retrieval on 2 datasets. Previous
methods bring moderate improvements over CLIP,
suggesting that their supervision primarily tar-
gets compositionality rather than general-purpose
recognition or retrieval. Across all five teachers,
MLLMCLIP improves over every previous method
on both axes. This confirms that distilling from
MLLMs strengthens compositional and general
vision-language ability simultaneously.

5.3 Ablation Studies
All ablations use Qwen3.5-2B as the teacher, the
most recent MLLM in our comparison. We report
results across three evaluation groups. Composi-
tionality is measured as the average accuracy over
11 datasets and denoted as Comp.. For zero-shot
classification, we report the average performance
over 13 datasets as Zero-shot Cls.. For retrieval,
we report the average Recall@1 over image-to-text
and text-to-image retrieval on the two datasets, de-
noted as Ret. Ablations on the teacher layer selec-
tion, the distillation weight, and the teacher prompt,

together with a comparison that controls for teacher
identity, are deferred to Appendix A.

Teacher Token Selection. Table 5 compares
strategies for choosing which teacher tokens to dis-
till. We first evaluate fixed positions, the end of
the image segment ([Image End]) and the end of
the full multimodal sequence ([Text End]), which
under causal masking carry unimodal visual and
multimodal understanding, respectively. Both im-
prove over the baseline, with gains accumulating
as the signal becomes multimodal and as the text
branch is also supervised. In contrast, attention-
based selection outperforms every fixed position
on all metrics, showing the benefit of adaptively
choosing informative tokens from each layer. Vary-
ing how many attention-selected tokens are kept
per layer, from attention-weighted pooling and top-
k pooling down to a single token, changes little,
indicating that what matters is locating the teacher
signal by attention rather than how many tokens
are aggregated. We therefore keep a single token
as the default for its simplicity and its one-vector-
per-layer feature store.



Table 5: Effect of teacher token selection and per-layer
aggregation. [Image End] and [Text End] denote the
token positions at the end of the image segment and of
the full multimodal sequence. The lower block varies
how many attention-selected tokens are kept per layer.

Image Teacher Text Teacher Comp. Zero-shot Cls. Ret.

None None 37.1 21.2 11.8
[Image End] None 37.5 25.2 16.2
[Text End] None 38.0 26.6 17.8
[Text End] [Text End] 38.2 28.1 17.8

Attention-weighted pooling 40.2 31.1 18.9
Top-k multi-token pooling (k = 8) 39.7 30.8 18.2
Single-token selection (default) 40.0 31.3 19.1

Table 6: Effect of different distillation loss functions on
downstream performance.

Type Loss Comp. Zero-shot Cls. Ret.

Direct

MSE 30.2 7.00 0.05
Cosine 38.6 27.5 17.2
KL Div. 38.2 28.1 18.4
JS Div. 37.4 25.8 16.0

Relational CKA 40.0 31.3 19.1

Loss Functions. Table 6 compares distillation
losses. MSE loss enforces a strict element-wise
match between feature vectors, resulting in per-
formance collapse. This stems from the funda-
mental architectural mismatch between the gen-
erative decoder and the representational encoder.
Scale-normalized objectives alleviate this issue
and stabilize training, but remain suboptimal since
they focus only on pointwise alignment. Notably,
CKA consistently outperforms direct similarity ap-
proaches across all downstream tasks. This sug-
gests that preserving structural relationships among
samples is more effective for knowledge transfer
than per-sample feature matching, especially in a
cross-architecture setting.

Preprocessing Efficiency. Table 7 compares the
preprocessing cost of feature-level and data-level
distillation. Generating negative captions and im-
ages using a cascaded pipeline takes roughly 3.6×
the per-batch time required for feature extraction.
Pre-extracted teacher features also enable larger
student batch sizes under the same GPU memory
budget, since the student avoids encoding the ad-
ditional negatives that data-level methods feed in
during training.

5.4 Comparison with MLLM-based
Embedding Models

A recent line of work directly fine-tunes an MLLM
into an embedding model, such as VLM2Vec (Jiang

Table 7: Per-batch preprocessing time at batch size
32, comparing data synthesis against feature extraction.
Mean ± std over 5 batches on a single GPU.

Data Feature

Text gen. (s) 0.278± 0.001 –
Image gen. (s) 0.557± 0.012 –
Feature ext. (s) – 0.232± 0.005

Total (s) 0.835± 0.012 0.232± 0.005

Table 8: Single-sample inference cost and SugarCrepe
accuracy. Mean ± std over 10 runs on a single GPU.

Model #Params (B) Inf. time (ms) SugarCrepe

VLM2Vec-v1 2.21 114.60± 0.33 64.6
VLM2Vec-v2 2.22 115.92± 0.23 72.7
Qwen3-VL-Emb.-2B 2.13 52.36± 0.21 83.0
MLLMCLIP 0.15 4.57± 0.04 71.3

et al., 2024) and Qwen3-VL-Embedding (Bai et al.,
2025). These models retain the full MLLM back-
bone at inference, requiring an order of magnitude
more parameters and latency than a CLIP-style
dual-encoder. MLLMCLIP closes this gap from
the opposite direction: it distills MLLM knowl-
edge into a CLIP student rather than turning the
MLLM itself into an embedding model. As shown
in Table 8, this yields a model that comes close to
VLM2Vec-v2 on SugarCrepe at roughly 25× lower
latency. Qwen3-VL-Embedding attains higher ac-
curacy but at 11× the inference cost of MLLM-
CLIP, leaving a clear trade-off between accuracy
and efficiency. The pilot study in Section 3 shows
that these embedding models still fall short of the
base MLLMs from which they are tuned.

6 Conclusion

In this work, we present MLLMCLIP, a feature-
level distillation framework that transfers multi-
modal knowledge from an MLLM teacher into a
CLIP student. Our framework addresses the fun-
damental architectural mismatch between the two
through attention-based teacher-token selection and
a structure-aware CKA distillation loss. MLLM-
CLIP achieves strong performance across compo-
sitionality, zero-shot classification, and image-text
retrieval, demonstrating the potential of MLLM-
guided distillation for building lightweight vision-
language encoders. The framework is teacher-
agnostic, applying to a wide range of MLLM teach-
ers as shown by consistent gains across diverse
teacher families.



Limitations

While our work demonstrates the effectiveness of
MLLM-to-CLIP distillation, it has a few limita-
tions. The capabilities of the teacher MLLM cap
the performance of MLLMCLIP: biases or reason-
ing failures in the teacher can transfer to the stu-
dent during distillation. Although we propose a
rigorous protocol for teacher selection, the optimal
teacher may vary across downstream tasks. Finally,
we trade repeated runs for teacher diversity: each
configuration is reported single-seed, but the gains
remain consistent across all five MLLM teachers
and across all benchmarks.
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Table A: Data-level versus feature-level distillation with
the same MLLM (Qwen3.5-2B) supplying both forms
of supervision. The baseline rows are controlled reruns,
not the main-table rows; TripletCLIP still renders its
negative images with SDXL-Turbo.

Method Supervision Comp. Zero-shot Cls. Ret.

NegCLIP Data 37.9 25.0 12.9
TripletCLIP Data 38.5 25.6 15.7
MLLMCLIP Feature 40.0 31.3 19.1

Table B: Effect of the prompt used for teacher feature ex-
traction. Both rows share the same Qwen3.5-2B teacher
and training settings; only the extraction prompt differs.

Teacher Prompt Comp. Zero-shot Cls. Ret.

Plain caption ({caption} only) 39.6 30.9 18.2
Compositional prompt (ours) 40.0 31.3 19.1

A Additional Ablation Studies

Data-level versus Feature-level Supervision. In
the main comparison, the data-level baselines and
MLLMCLIP draw on different external models, so
the gain could in principle be attributed to teacher
identity rather than to feature-level transfer. To rule
this out, we control for teacher identity: the same
MLLM (Qwen3.5-2B) serves both as the hard-
negative generator for the data-level baselines and
as the feature-level teacher for MLLMCLIP, under
an identical training budget. As shown in Table A,
feature-level distillation still outperforms both data-
level variants on all three axes once the teacher is
controlled, with the widest margins on zero-shot
classification and retrieval. This comparison is
also conservative with respect to the main tables,
where the baselines rely on larger external models
(LLaMA-7B, Qwen3-4B, and SDXL-Turbo) than
our 2B teacher.

Teacher Prompt. Teacher features are extracted
with a fixed template that asks the MLLM to con-
trast the caption against a subtly incorrect alterna-
tive (Appendix B.2). To attribute the gain to this
compositional instruction rather than to generic
conditioning on the caption, we re-extract teacher
features with a plain caption prompt carrying no
instruction, keeping the teacher and every other set-
ting fixed. Table B shows that the compositional
prompt yields a small but consistent improvement
on all three axes. Notably, the plain-caption vari-
ant alone already surpasses the strongest data-level
baseline of Table A, indicating that most of the
benefit stems from transferring MLLM features at
all, with the prompt acting as a further refinement.

Table C: Downstream performance with varying teacher
layer selection strategies for distillation.

Layer Selection Comp. Zero-shot Cls. Ret.

Lower Block (1–12) 38.9 30.1 17.2
Middle Block (13–24) 38.2 28.6 16.3
Upper Block (25–36) 38.7 29.9 16.1
Strided (1,4,7...) 40.0 31.3 19.1

Table D: Downstream performance with varying weight
parameter during pre-training.

λ Comp. Zero-shot Cls. Ret.

0.1 38.5 25.3 13.5
1 40.0 31.3 19.1
10 40.2 30.9 18.5
100 37.8 26.3 17.9

A full prompt-by-prompt ablation would require
re-extracting teacher features over the entire cor-
pus for every variant, which is computationally
prohibitive; we therefore report the single most in-
formative comparison and leave broader prompt
design to future work.

Teacher Layer Selection. We investigate the op-
timal strategy for selecting teacher layers for distil-
lation, with results presented in Table C. We first
evaluate strategies that use contiguous blocks of
layers from the teacher MLLM: the lower (1–12),
middle (13–24), and upper (25–36). These block-
based strategies yield comparable performance,
with no clear advantage for any single block. In
contrast, a strided selection strategy that samples
layers uniformly across the entire network (e.g., 1,
4, 7, ...) outperforms all block-based approaches.
This indicates that supervision derived from a
broader range of layers provides more compre-
hensive guidance, whereas relying on a contigu-
ous block of layers may overlook information dis-
tributed throughout the teacher model.

Weight Parameter. Table D shows the impact
of varying the distillation loss weight λ. A small
weight (λ = 0.1) provides insufficient supervision
and a very large weight (λ = 100) over-constrains
the student; both degrade performance across all
metrics. In the intermediate range, λ = 1 and
λ = 10 perform comparably: λ = 1 achieves the
best zero-shot classification and retrieval, while
λ = 10 marginally improves compositionality. We
adopt λ = 1 as the default for a balanced trade-off
across the three evaluation groups.



B Experimental Settings

B.1 Evaluation Benchmarks
Compositionality. We evaluate on 11 composi-
tionality benchmarks: ARO (Yuksekgonul et al.,
2022), CREPE (Ma et al., 2023), EQBEN (Wang
et al., 2023), ImageCoDe (Krojer et al., 2022), Sug-
arCrepe (Hsieh et al., 2023), SVO-Probes (Hen-
dricks and Nematzadeh, 2021), VALSE (Par-
calabescu et al., 2021), VL-Checklist (Zhao
et al., 2022), WhatsUp (Kamath et al., 2023),
Winoground (Thrush et al., 2022), and SPEC (Peng
et al., 2024).

Retrieval. We use MSCOCO (Chen et al., 2015)
and Flickr-30K (Plummer et al., 2015) for zero-shot
image-to-text and text-to-image retrieval.

Classification. We evaluate zero-shot classi-
fication on 13 datasets: Caltech101 (Fei-Fei
et al., 2007); CIFAR-10, CIFAR-100 (Krizhevsky,
2009); Describable Textures (Cimpoi et al.,
2014); EuroSAT-CLIP (Helber et al., 2019); FER-
2013 (Goodfellow et al., 2013); Flower102 (Nils-
back and Zisserman, 2008); Food101 (Bossard
et al., 2014); ImageNet-1K (Deng et al., 2009);
KITTI-Distance (Geiger et al., 2013); Oxford-IIIT
Pet (Parkhi et al., 2012); RESISC45-CLIP (Cheng
et al., 2017); and PASCAL VOC2007 (Everingham
et al., 2010).

B.2 Implementation Details
Teacher Feature-Extraction Prompt. The full
prompt template is shown below.

Teacher prompt (feature extraction)

Given the image and the caption {caption}, analyze
whether this caption accurately describes the image. If
it does, imagine a similar caption that could be eas-
ily confused with it but is subtly incorrect or mislead-
ing. Internally reason about the difference between the
correct and incorrect caption, highlighting the key vi-
sual–semantic concepts that make the original caption
more accurate. Focus on compositional elements such
as object attributes, actions, relationships, and spatial
arrangements. Use this reasoning to build an internal
representation of the image that emphasizes these dis-
tinctions.

Training Hyperparameters. We train all models
on 8 NVIDIA A100 GPUs using the AdamW opti-
mizer with a batch size of 4096, an initial learning
rate of 5× 10−4, and a weight decay of 0.5 for 30
epochs. A cosine learning rate scheduler is applied
with a linear warmup during the first epoch, where
the learning rate increases from 1 × 10−6 to the
base learning rate and decays to 1×10−5 by the end

of training. All experiments are conducted using
bfloat16 precision. Unless otherwise specified,
we use a fixed loss weight of λ = 1 for balancing
the distillation and contrastive losses.

B.3 Model Sources
Table E lists the public sources of all models used
in our experiments.

Reproducibility Statement

We provide all implementation details, including
model architectures, training hyperparameters, and
evaluation protocols, in the main paper and ap-
pendix. All experiments are conducted using
publicly available datasets, and we will release
our code, pretrained models, and data-processing
scripts to ensure reproducibility.

LLM Usage

During the preparation of this paper, we use large
language models in a limited and assistive manner.
For implementation, an LLM is utilized for code re-
view and the detection of minor bugs. For writing,
an LLM is used for English proofreading and gram-
mar checks. We do not have LLMs draft whole
passages or sentences from scratch, nor do we rely
on them to generate novel methods or results.



Table E: Public sources of the models used in our experiments.

Model Source

Qwen3-4B (hard-negative captions) https://huggingface.co/Qwen/Qwen3-4B
SDXL-Turbo (hard-negative images) https://huggingface.co/stabilityai/sdxl-turbo

LLaVA-1.6-Mistral-7B https://huggingface.co/llava-hf/llava-v1.6-mistral-7b-hf
LLaVA-1.6-Vicuna-7B https://huggingface.co/llava-hf/llava-v1.6-vicuna-7b-hf
LLaMA-3.2-11B-Vision-Instruct https://huggingface.co/meta-llama/Llama-3.2-11B-Vision-Instruct
Qwen2-VL-2B-Instruct https://huggingface.co/Qwen/Qwen2-VL-2B-Instruct
Qwen3-VL-2B-Instruct https://huggingface.co/Qwen/Qwen3-VL-2B-Instruct
Qwen3-VL-4B-Instruct https://huggingface.co/Qwen/Qwen3-VL-4B-Instruct
Qwen3.5-2B https://huggingface.co/Qwen/Qwen3.5-2B
Qwen3.5-4B https://huggingface.co/Qwen/Qwen3.5-4B
InternVL3-2B https://huggingface.co/OpenGVLab/InternVL3-2B
InternVL3-8B https://huggingface.co/OpenGVLab/InternVL3-8B
InternVL3.5-2B https://huggingface.co/OpenGVLab/InternVL3_5-2B
InternVL3.5-4B https://huggingface.co/OpenGVLab/InternVL3_5-4B

VLM2Vec-v1 (Qwen2-VL-2B) https://huggingface.co/TIGER-Lab/VLM2Vec-Qwen2VL-2B
VLM2Vec-v1 (Qwen2-VL-7B) https://huggingface.co/TIGER-Lab/VLM2Vec-Qwen2VL-7B
VLM2Vec-v1 (LLaVA-Next) https://huggingface.co/TIGER-Lab/VLM2Vec-LLaVa-Next
VLM2Vec-v1 (Phi-3.5V) https://huggingface.co/TIGER-Lab/VLM2Vec-Full
VLM2Vec-V2.0 https://huggingface.co/VLM2Vec/VLM2Vec-V2.0
Qwen3-VL-Embedding-2B https://huggingface.co/Qwen/Qwen3-VL-Embedding-2B
Qwen3-VL-Embedding-8B https://huggingface.co/Qwen/Qwen3-VL-Embedding-8B

https://huggingface.co/Qwen/Qwen3-4B
https://huggingface.co/stabilityai/sdxl-turbo
https://huggingface.co/llava-hf/llava-v1.6-mistral-7b-hf
https://huggingface.co/llava-hf/llava-v1.6-vicuna-7b-hf
https://huggingface.co/meta-llama/Llama-3.2-11B-Vision-Instruct
https://huggingface.co/Qwen/Qwen2-VL-2B-Instruct
https://huggingface.co/Qwen/Qwen3-VL-2B-Instruct
https://huggingface.co/Qwen/Qwen3-VL-4B-Instruct
https://huggingface.co/Qwen/Qwen3.5-2B
https://huggingface.co/Qwen/Qwen3.5-4B
https://huggingface.co/OpenGVLab/InternVL3-2B
https://huggingface.co/OpenGVLab/InternVL3-8B
https://huggingface.co/OpenGVLab/InternVL3_5-2B
https://huggingface.co/OpenGVLab/InternVL3_5-4B
https://huggingface.co/TIGER-Lab/VLM2Vec-Qwen2VL-2B
https://huggingface.co/TIGER-Lab/VLM2Vec-Qwen2VL-7B
https://huggingface.co/TIGER-Lab/VLM2Vec-LLaVa-Next
https://huggingface.co/TIGER-Lab/VLM2Vec-Full
https://huggingface.co/VLM2Vec/VLM2Vec-V2.0
https://huggingface.co/Qwen/Qwen3-VL-Embedding-2B
https://huggingface.co/Qwen/Qwen3-VL-Embedding-8B


Table F: Comparison of MLLM-as-judge models and MLLM-based embedding models on the SugarCrepe bench-
mark. Judge models are queried twice per example with the ground-truth caption at position A (First) and position
B (Second); embedding models score each caption by image–text similarity and report a single per-task accuracy.

Model GT-position / Backbone Replace Swap Add Average
Object Attribute Relation Object Attribute Object Attribute

MLLM-as-Judge models

LLAVA-1.6-mistral-7B
First 99.3 98.0 95.8 89.4 96.2 97.2 93.1 95.6
Second 93.8 82.6 67.6 69.4 77.6 79.3 50.0 74.3
Average 96.5 90.3 81.7 79.4 86.9 88.2 71.5 85.0

LLAVA-1.6-vicuna-7B
First 98.1 96.1 89.6 80.8 89.9 93.9 85.5 90.6
Second 93.6 75.6 82.0 78.4 74.8 83.4 68.9 79.5
Average 95.9 85.9 85.8 79.6 82.4 88.7 77.2 85.1

LLAMA-3.2-Vision-11B
First 98.4 95.9 89.5 85.3 95.5 95.6 84.5 92.1
Second 97.8 92.5 90.5 90.6 91.6 93.6 90.6 92.5
Average 98.1 94.2 90.0 88.0 93.5 94.6 87.6 92.3

Qwen2-VL-2B
First 96.7 91.4 87.1 76.3 91.3 95.5 84.0 88.9
Second 98.5 96.3 93.2 92.2 95.2 97.3 95.2 95.4
Average 97.6 93.9 90.2 84.3 93.2 96.4 89.6 92.2

Qwen3-VL-2B
First 98.5 95.8 92.0 87.8 94.9 97.4 91.6 94.0
Second 98.6 96.1 91.0 91.8 96.5 97.5 93.6 95.0
Average 98.6 95.9 91.5 89.8 95.7 97.4 92.6 94.5

Qwen3-VL-4B
First 98.6 95.8 93.2 94.3 96.7 97.5 94.4 95.8
Second 99.0 97.2 94.2 92.2 97.9 97.9 96.5 96.4
Average 98.8 96.5 93.7 93.3 97.3 97.7 95.4 96.1

Qwen3.5-2B
First 97.0 92.8 88.5 80.4 94.0 88.5 78.5 88.5
Second 99.0 98.4 93.2 94.7 96.7 97.2 93.1 96.0
Average 98.0 95.6 90.9 87.6 95.3 92.8 85.8 92.3

Qwen3.5-4B
First 97.5 93.5 91.5 89.0 95.0 94.9 81.6 91.9
Second 99.5 98.6 97.9 94.3 99.7 99.0 99.0 98.3
Average 98.5 96.1 94.7 91.6 97.4 96.9 90.3 95.1

InternVL3-2B
First 98.8 96.2 94.2 91.0 96.5 97.5 91.2 95.1
Second 98.0 93.1 89.0 83.3 92.0 95.0 88.6 91.3
Average 98.4 94.7 91.6 87.1 94.3 96.2 89.9 93.2

InternVL3-8B
First 98.6 96.4 93.0 95.1 97.4 96.6 87.9 95.0
Second 98.7 97.1 94.2 93.1 98.0 96.3 96.1 96.2
Average 98.7 96.8 93.6 94.1 97.7 96.4 92.0 95.6

InternVL3.5-2B
First 98.1 95.3 93.9 90.2 94.6 95.5 92.1 94.2
Second 96.7 90.6 84.8 85.3 89.6 91.7 87.1 89.4
Average 97.4 93.0 89.3 87.8 92.1 93.6 89.6 91.8

InternVL3.5-4B
First 97.6 94.4 93.1 91.8 97.4 95.1 89.3 94.1
Second 97.9 94.3 92.3 87.3 96.1 94.0 92.8 93.5
Average 97.8 94.4 92.7 89.6 96.8 94.6 91.0 93.8

Embedding models

VLM2Vec-v1 LLAVA-1.6-mistral-7B 81.7 71.7 61.5 51.6 56.6 74.5 69.6 66.7
VLM2Vec-v1 phi3.5V 83.5 72.3 60.2 53.9 57.4 73.9 69.4 67.2
VLM2Vec-v1 Qwen2-VL-2B 89.5 73.1 61.5 42.0 49.5 72.9 63.9 64.6
VLM2Vec-v1 Qwen2-VL-7B 86.4 72.2 61.7 41.6 53.2 76.1 71.1 66.0
VLM2Vec-v2 Qwen2-VL-2B 94.3 83.6 73.3 53.9 62.5 79.4 62.0 72.7
Qwen3-VL-Embedding Qwen3-VL-2B 97.1 89.3 76.7 70.2 75.1 89.7 82.5 83.0
Qwen3-VL-Embedding Qwen3-VL-8B 97.9 91.2 81.4 69.4 84.5 93.1 84.1 86.0
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