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Abstract

Efficient Multimodal Large Language Models (MLLMs)
compress vision tokens to reduce resource consumption, but
the loss of visual information can degrade comprehension ca-
pabilities. Although some priors introduce Knowledge Dis-
tillation to enhance student models, they overlook the fun-
damental differences in fine-grained vision comprehension
caused by unbalanced vision tokens between the efficient
student and vanilla teacher. In this paper, we propose EM-
KD, a novel paradigm that enhances the Efficient MLLMs
with Knowledge Distillation. To overcome the challenge of
unbalanced vision tokens, we first calculate the Manhattan
distance between the vision logits of teacher and student,
and then align them in the spatial dimension with the Hun-
garian matching algorithm. After alignment, EM-KD intro-
duces two distillation strategies: 1) Vision-Language Affin-
ity Distillation (VLAD) and 2) Vision Semantic Distillation
(VSD). Specifically, VLAD calculates the affinity matrix be-
tween text tokens and aligned vision tokens, and minimizes
the smooth L1 distance of the student and the teacher affin-
ity matrices. Considering the semantic richness of vision log-
its in the final layer, VSD employs the reverse KL diver-
gence to measure the discrete probability distributions of
the aligned vision logits over the vocabulary space. Compre-
hensive evaluation on diverse benchmarks demonstrates that
EM-KD trained model outperforms prior Efficient MLLMs
on both accuracy and efficiency with a large margin, vali-
dating its effectiveness. Compared with previous distillation
methods, which are equipped with our proposed vision token
matching strategy for fair comparison, EM-KD also achieves
better performance.

Introduction

Multimodal Large Language Models (MLLMs) (Bai et al.
2023b; Lu et al. 2024; Liu et al. 2024c; Li et al. 2023; Chen
et al. 2024c) have emerged as a cornerstone of artificial in-
telligence, unifying visual and language understanding to
tackle complex tasks such as visual question answering, im-
age captioning, and embodied reasoning. While these mod-
els demonstrate remarkable versatility, their massive com-
putational demands—stemming from intricate architectures
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Figure 1: Comparison with existing MLLM distillation ap-
proaches. (a) MiniLLM (represent the LLM-style meth-
ods) focuses on response token distillation but neglects
both the distinctive characteristics of visual features and
vision-language correlations. (b) LLaVA-KD (represent the
MLLM-style methods) aligns the teacher and student vi-
sion representations by modeling the correlations between
vision tokens, but is limited to the condition of spatial align-
ment. (¢) Our EM-KD can generalize to scenarios with un-
balanced vision tokens between teachers and students, and
introducing vision-language affinity distillation further en-
hances cross-modal alignment.

and extensive multimodal pretraining—pose significant bar-
riers to real-world deployment (Chen et al. 2024b; Xing
et al. 2024; Zhang et al. 2025), particularly in resource-
constrained environments. Recent efforts toward Efficient
MLLMs (Yao et al. 2024, Li et al. 2025; Chen et al. 2024b;
Feng et al. 2025b) aim to mitigate these challenges by re-



moving the redundant vision tokens or compressing them in
vision projectors, leading to higher computational efficiency.
However, reducing vision tokens inevitably leads to infor-
mation loss, resulting in degraded model performance and
generalization, particularly in tasks requiring fine-grained
image understanding (Feng et al. 2025b). Enhancing Effi-
cient MLLMs comprehension without sacrificing inference
efficiency remains a challenge that has not been fully ex-
plored.

As a training-phase-only technique, Knowledge Distilla-
tion can effectively improve student model capability and
performance by incorporating guidance from teacher mod-
els or mimicking their behavioral patterns (Wang and Yoon
2021; Gou et al. 2021). Beyond its prevalent applications
in CV and NLP, knowledge distillation has been success-
fully extended to MLLMs. LLaVA-KD (Cai et al. 2025) pro-
poses a three-stage distillation paradigm which an MLLM
is trained with instructions from a larger teacher. Align-KD
(Feng et al. 2025a) employs an efficient teacher to distill an
efficient student model, enhancing the student model’s oper-
ational efficiency on edge devices. The difference between
the teacher and student in previous methods lies solely in the
size of models, and typically requires some MLPs to align
their feature dimensions. In this work, we employ a well-
pretrained vanilla teacher model to distill knowledge into an
efficient student model, thereby enhancing the visual under-
standing and parsing capabilities of Efficient MLLMs. How-
ever, varying resolutions, vision encoders, and projectors
lead to unbalanced vision tokens between vanilla teacher
and efficient student models (shown in Figure 1). Previous
approaches fail to generalize across such diverse configura-
tions, as they inherently rely on spatially aligned (i.e., one-
to-one correspondences) vision token sequences. Since the
distillation object plays a critical role in the distillation strat-
egy, here we conduct a preliminary analysis to identify an
effective one. Inspired by (Neo et al. 2025), we employ the
language model head (LM head) to decode vision tokens
into vocabulary space (i.e. vision logits), revealing that im-
age patches often map to semantically meaningful words
and final-layer vision logits exhibit rich semantics (shown
in Figure 2). Further, t-SNE visualizations of tokens (shown
in Figure 3) demonstrate that vision and textual represen-
tations gradually intermix during LLM forward. Our analy-
sis provides two directions: (1) it is feasible to treat vision
logits as distillable semantic targets like text logits, and (2)
distilling cross-modal relationships could further strengthen
alignment between vision and language.

In this paper, we propose EM-KD, a novel paradigm that
distills an Efficient MLLM with a well-pretrained teacher.
To address the challenge of unbalanced vision tokens, we
consider a set matching task and employ the Hungarian al-
gorithm to establish optimal token-level correspondences
between the teacher and student vision tokens. In order to
achieve optimal token-wise distillation, we measure pair-
wise distances of vision logits to determine the best matches,
followed by one-to-one knowledge transfer between aligned
teacher-student pairs. Considering the semantic richness of
vision logits in the final layer, EM-KD introduces Vision
Semantic Distillation, which employs the reverse KL diver-
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Figure 2: We decode each vision token into vocabulary space
via LM head, and find vision logits exhibit rich semantic.

T-SNE visualization of tokens

(a) Shallow layer (b) Deep layer

Figure 3: T-SNE visualization of tokens. Vision and textual
representations gradually intermix during LLM propagation.
Red: system tokens, blue: text tokens, green: vision tokens.

gence to measure the distance between discrete probability
distributions over the vocabulary space, rather than relying
on hidden-level token similarity. Furthermore, we propose
distilling the affinity matrix between text and aligned vision
tokens (termed Vision-Language Affinity Distillation) to en-
hance cross-modal alignment.

Comprehensive experiments on multiple vision under-
standing and parsing benchmarks indicate that EM-KD
demonstrates performance improvements without alter-
ing the model architecture, validating the effectiveness.
The EM-KD trained model outperforms previous Efficient
MLLMs by a significant margin on both accuracy and ef-
ficiency, and when compared with previous MLLM distil-
lation methods under broader evaluation settings, EM-KD
consistently achieves superior performance. We summarize
our contributions as follows:

* We propose EM-KD, a novel Knowledge Distillation
framework designed to transfer visual comprehension
and parsing capabilities from a vanilla teacher model to
an Efficient MLLM.

EM-KD overcomes the challenge of unbalanced vision
tokens in the spatial dimension between the teacher
and student with the Hungarian algorithm. For trans-
ferring more comprehensive knowledge, EM-KD intro-



duces Vision-Language Affinity Distillation and Vision
Semantic Distillation.

¢ Compared with previous Efficient MLLMSs, the EM-KD
trained model exhibits superior performance on both ac-
curacy and efficiency without altering the model archi-
tecture.

Related Work
Efficient Multimodal Large Language Models

By integrating vision encoders into the LLM (Touvron et al.
2023; Bai et al. 2023a; Liu et al. 2024a), MLLMs gain
the capability for visual understanding and parsing (Alayrac
etal. 2022; Liu et al. 2024c; Li et al. 2023). Since the compu-
tational complexity of Transformer is quadratic to the length
of the token, these methods face significant challenges in in-
ference efficiency.

Efficient MLLMs reduce computational cost by com-
pressing or directly pruning redundant vision tokens. Token-
Packer (Li et al. 2025) and Vision Remember (Feng et al.
2025b) mitigate vision forgetting caused by token compres-
sion through vision feature resampling mechanisms. Many
methods focus on directly pruning redundant tokens with-
out requiring post-training. FastV (Chen et al. 2024b) ana-
lyzes attention sparsity to identify redundant vision tokens
and proposes early-stage pruning in shallow decoder lay-
ers. VisPruner (Zhang et al. 2025) strategically focuses on
pruning vision encoders rather than LLM, preserving cross-
modal alignment capabilities.

Knowledge Distillation in MLLMs

Many studies have introduced knowledge distillation tech-
niques into the field of MLLMSs. Based on the distillation
targets, these approaches can be categorized into two types:
LLM-style and MLLM-style. LLM-style methods (Lee et al.
2025; Ko et al. 2024, 2025; Wen et al. 2025; Gu et al.
2024; Shu et al. 2025) mainly focus on response token
distillation. MiniLLM (Gu et al. 2024) adopts the Reverse
Kullback-Leibler Divergence (RKLD) to avoid the student
model overestimating the teacher’s low-probability areas.
Although LLM-style methods offer greater flexibility, they
fail to fully unleash MLLMs’ comprehension capabilities
due to their neglect of both the distinctive characteristics
of vision features and vision-language correlations. MLLM-
style approaches (Xu et al. 2024; Cao et al. 2025; Cai et al.
2025; Feng et al. 2025a) primarily focus on distilling vi-
sion feature consistency and modeling vision-language cor-
relations. LLaVA-KD (Cai et al. 2025) aligns teacher and
student visual representations by modeling the correlations
between vision tokens. However, LLaVA-KD can only per-
form distillation between teacher and student models that
share identical vision encoders and projectors. Unlike these
approaches, our proposed EM-KD targets a more general
setting with unbalanced vision tokens.

Method

In this section, we first give a brief introduction to an Ef-
ficient MLLM, which serves as our baseline and student
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model. And then, we introduce the proposed EM-KD frame-
work, including three key components: Vision Token Match-
ing, Vision-Language Affinity Distillation, and Vision Se-
mantic Distillation. The framework of EM-KD is shown in
Figure 4.

Efficient Baseline

Representative MLLMs typically consist of three main com-
ponents: (1) a vision encoder, (2) a vision projector, and
(3) an LLM. The vision encoder, usually implemented as
a Vision Transformer (Dosovitskiy et al. 2020) pretrained
on large-scale datasets through vision-language contrastive
learning approach, such as CLIP (Radford et al. 2021) and
SigLip (Zhai et al. 2023), is responsible for extracting vi-
sion features from images. The currently widely used vision
projector is an MLP, which aligns vision features to the lan-
guage feature space. To reduce the number of vision tokens,
we first compress vision features using Adaptive Average
Pooling, followed by a two-layer MLP to form an efficient
baseline, which also serves as our student model. One of the
primary causes of unbalanced vision tokens is the different
vision encoders in the teacher and student. In particular, the
student model employs an efficient encoder with token com-
pression, resulting less vision tokens, while teacher retain
more vision tokens from powerful encoder to keep the fine-
grained understanding capability. Finally, both vision tokens
and text tokens are fed into a pre-trained LLM for process-
ing and understanding. The MLLM then generates responses
under the next-token prediction paradigm.

Vision Token Matching

As previously mentioned, the number of vision tokens dif-
fers between the teacher and student models in broader set-
tings, and they are not one-to-one aligned in the spatial
dimension. The misalignment fundamentally disrupts tra-
ditional MLLM-style distillation methods, which typically
rely on strict token-level correspondence between teacher
and student.

Given the vision tokens 7! € RN.xP Ts ¢ RNoxD
belonging to teacher and student respectively, we must find
a permutation 0 € © . with the lowest cost:

€ = arg min Conaten(TE, T2), (D
g§ Z teh ( )

where N!, N indicate the vision tokens length in teacher
and student, D is feature dimension, and C,,4¢cp, is the pair-
wise matching cost with permutation ¢. Inspired by DETR
(Carion et al. 2020), in EM-KD, we treat this as a set bipar-
tite matching task and employ Hungarian algorithm. First,
we decode the T, T'$ into vocabulary space via the LM head
6%, 0% as the vision logits, and then we compute the Manhat-
tan distance as the cost matrix C,qtch € RNOXN.

Crnaten = Manhattan(0*(T"), 05(T?)). 2)

Finally, the Hungarian algorithm running on the GPU is
adopted to obtain the matching permutation §. An alternative
matching approach is to use 1D Adaptive Average Pooling to
reduce the longer vision tokens. However, this method loses
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Figure 4: Framework of the proposed EM-KD. EM-KD consists of three key components: Vision Token Matching, Vision
Semantic Distillation and Vision-Language Affinity Distillation. Vision Token Matching employs the Hungarian algorithm to
resolve the unbalanced vision tokens problem between the teacher and student. Vision Semantic Distillation performs one-
to-one knowledge transfer between matched tokens in logits space. Vision-Language Affinity Distillation further strengthens

cross-modal alignment.

visual information and fails to leverage the teacher model’s
fine-grained understanding capability, leading to suboptimal
accuracy (we will demonstrate in subsequent ablation exper-
iments).

Vision Semantic Distillation

Considering the semantic richness (mentioned in the prelim-
inary analysis in Sec.) of vision logits in the final layer, we
propose using the reverse KL Divergence tailored for text
logits to transfer the vision knowledge. Given the vision log-
its of the teacher and student models, and matching permu-
tation 9, we calculate the loss function as follows:

ms(y | )
mr(y | )

where 7g(y | ) and mr(y | «) mean the probability dis-
tribution of the matched vision logits condition on input x
for student and teacher. Distilling logits instead of hidden
states eliminates the need for an additional projection layer
to align the dimensions of the teacher and student models,
as they share the same vocabulary. This is also a key benefit
of Vision-Language Affinity Distillation.

Lysa(ms; ) = E(w,y)wﬂs |:10g :| ) 3

Vision-Language Affinity Distillation

In traditional vision distillation methods, the primary focus
is on modeling relation knowledge between vision features,
and LLaVA-KD (Cai et al. 2025) also follows this principle.
We argue that in MLLMs, the relationship between vision
and language should be prioritized over vision feature rela-
tionships, as it directly measures vision-language alignment
and evaluates the semantic affinity. Given the matched vision
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tokens T{f, T,f € RNoxD of the teacher and student mod-
els, we compute their cosine distance with the correspond-
ing language tokens T}, 77 € RN*P as affinity matrices

ty s+
R; = Cos(ﬁf,TZt), R, = COS(T;,TIS), e RNox*Ne (g

where D is the hidden dimension and /V; means the length
of language tokens (in the SFT paradigm, they are equal in
teacher and student). Then we compute the Smooth L1 Loss
between R; and R,:

Lyiaa = smoothry (R, Ry). (5)

Although measuring affinity between logits (rather than hid-
den states) may seem like a more principled choice, the
high dimensionality of logits would consume excessive GPU
memory. We therefore adopt this memory-efficient alterna-
tive.

Overall Training Loss

Following the common practice, in addition to the vi-
sion semantic loss Lysq and the vision-language affinity loss
L1a4, we further incorporate supervised loss Lg,p, and dis-
tillation loss L4 applied to the auto-regressive response
logits as follows:

Loup(ms) = E(yyyer,a)oms 108 Ts(Yr | y<i, )],

7s(Yr | Y<k, ) (6)
Lua(ms;mr) = Ep oy yore |log ———————
1d(7ms; ) (z,yr)~Ts gWT(yk | y<rr )
The overall loss can be formulated as:
L= Ofﬁsup + (1 - O‘)Erld + BLysa + YLv1ad, (7N



Listing 1: Pseudocode of EM-KD in a PyTorch-like style

# vhs_s, vhs_t: vision hidden states of
student and teacher

# lhs_s, lhs_t: language hidden states of
student and teacher

# rl_s, rl_t: response logits of student
and teacher

# head_s, head_t: LM_head of student and
teacher

IL_disitll = as_tensor (0)

# decode the vision tokens as vision logits
vl_s, vl_t head_s (vhs_s), head_t (vhs_t)
for data in batch:
# no gradient when match vision logits
with no_grad() :
# calculate Manhattan distance,
Eg. (2)
cost cdist(vl_s, vl_t, p=1).detach{()
# Hungarian algorithm on GPU
idx_s, idx_t hungarian_gpu (cost) .cpu

()

Same as

# distill matched vision logits, same as
Eqg. (3)
I_vsd = reverse KLD(vl_s[idx_s], vl_t[

idx_t])

# affinity between vision and text hidden
states same as Eqg. (4)

affinity_s = cosine_similarity (vhs_s|
idx_s], lhs_s)

affinity_t = cosine_similarity (vhs_t][
idx_t], lhs_t)

# distill loss between affinity, same as
Eg. (5)

L_vlad = smooth_11 loss(affinity_s,

affinity_t)

L_disitll +=
L_vlad)

(beta » L_vsd + gamma =*

# distill loss and sft loss between
response logits, same as Eqg. (6)

IL_rld = reverse KLD(rl_s, rl_t)

I_sup = CrossEntropy(rl_s, labels)

loss = alpha % L_sup + (1 - alpha)
+ L_disitll/batch_size

* L_rld

where «, 8 and y are weights of each objective item to bal-
ance overall loss. Algorithm 1 provides the pseudo code of
EM-KD in PyTorch-like style.

Experiments
Experimental Settings

Implementation Details. We choose the pretrained
LLaVA-OneVision-SI (Li et al. 2024) in two different sizes
(0.9B and 8B) as teacher models, and LLaVA-NeXT (Liu
et al. 2024b) equipped with the efficient projector as student

21115

models. For the student model, we employ two scaled vari-
ants of Qwen2 (Yang et al. 2024) as the LLM paired with
different-sized SigLip vision encoders (Zhai et al. 2023),
constructing three baseline configurations with 0.6B and
8B parameters respectively. Following AnyRes strategy pro-
posed in (Li et al. 2024), each image patch is processed by an
efficient projector that compresses vision tokens to a maxi-
mum of 144 per patch.

We train the MLLM in two phases. Phase-1: Language-
Image Alignment. In this phase, we use the image-caption
pairs in the CC-558K dataset (Liu et al. 2024c¢) to train the
efficient vision projector. Phase-2: Visual Instruct Tuning.
In this phase, the whole student model is trained. The 779K
mixture dataset (Liu et al. 2024b) is used to enhance the
MLLM'’s capability of vision understanding and instruction
following. We train all models in each phase for one epoch
and the proposed EM-KD is only used in Phase-2. The loss
weights «, 5 and +y are set to 0.5, 0.25 and 25 to balance the
loss items. The experiments are conducted on 8 x NVIDIA
H20 GPUs. Dur to the pages limitation, more model con-
figuration and implementation details could be found in the
Supplementary Materials.

Evaluation. We conduct extensive experiments on 11
benchmarks to validate the understanding and parsing ca-
pabilities of the proposed method. Specifically, we cate-
gorize all benchmarks into three distinct groups based on
different focus areas: (1) General Question Answer bench-
marks include GQA (Hudson and Manning 2019), MME-
Perception (Fu et al. 2024) and RealWorldQA (xAIl team
2024), (2) Comprehensive Knowledge Reasoning bench-
marks include ScienceQA _Image (Lu et al. 2022), AI2D
(Kembhavi et al. 2016), MMMU (Yue et al. 2024) and MM-
Star (Chen et al. 2024a), (3) OCR&Chart Parsing bench-
marks include ChartQA (Masry et al. 2022), DocVQA
(Mathew, Karatzas, and Jawahar 2021), TextVQA (Singh
et al. 2019) and OCRBench (Liu et al. 2023). To compare
the accuracy of MLLMs, we take the average scores on the
whole benchmark. For efficiency comparison, we evaluate
the Time to First Token (TTFT) latency on the RealWorldQA.

Main Results

Comparison with other Efficient MLLMs. The ultimate
goal of our work is to train an Efficient MLLM. To this end,
we conduct comparisons with representative approaches for
training-free vision token pruning (including FastV (Chen
et al. 2024b), PyramidDrop (Xing et al. 2024), and Vis-
Pruner (Zhang et al. 2025)) and training-based vision to-
ken compression (including DeCo (Yao et al. 2024), Token-
Packer (Li et al. 2025)). All methods are trained on the same
datasets, and employ Qwen2-0.5B as the LLM and SigLip-
base as the vision encoder.

For training-free vision token pruning approaches, we
first train the LLaVA-NeXT (Liu et al. 2024b) model with-
out pruning, serving as their baseline. And then employ the
FastV (Chen et al. 2024b), PyramidDrop (Xing et al. 2024),
and VisPruner (Zhang et al. 2025) to prune the vision to-
kens. For DeCo (Yao et al. 2024) and TokenPacker (Li et al.
2025), we directly replace the vision projector and train the



Methods

GQA

General

MME® RWQA | SQA! AI2D MMMUY MMStar | ChartQA DocVQA TextVQA OCRBench

Knowledge

OCR&Chart

Average?

TTFT/ms|

Vanilla Method without Vision Token Pruning or Compression

LLaVA-NeXT (Liuctal. 2024b) [ 593 12037 482 | 531 523 302 343 | 576 619 473 386 [494020.0) [ 1033(20.0)
Training-free Vision Token Pruning

FastV (Chenetal. 2024b) | 563 12003 479 | 530 510  3L0 332 | 515 574 35 316 | 47.024) | 75.1(+282)

PyramidDrop (Xing ctal. 2024) | 573 12104 48.1 | 531 513 298 344 | 523 58.4 450 339 | 477¢-17) | 80.5+22.8)

VisPruner (Zhang et al. 2025) | 57.1 12056 482 | 526 512 307 345 | 526 582 448 347 | 47717 | 617+41.6)
Training-base Vision Token Compression

DeCo (Yao et al. 2024) 577 11576 500 | 530 514 307 341 | 538 574 443 344 | 477(-17) | 549(+48.4)

TokenPacker (Li etal. 2025) | 57.4 12015 477 | 518 513 296 343 | 529 567 414 335 | 47017 | 61.0+42.3)

EM-KD (Ours) 578 12265 515 | 530 515 310 360 | 590 64l 492 397 | 504(+1.0) | 54.9(+48.4)

Table 1: Performance comparisons with various Efficient MLLMs. When compared with other Efficient MLLMs, we all
reduce the number of vision tokens to 144. We implement these methods under the same setting and test the TTFT on a
single A100 GPU. The score of MME is divided by 20 when calculating the average accuracy. The results of our method are

highlighted with blue . | means that lower is better, T means that higher is better. The best results are underlined.

Methods General Knowledge OCR&Chart Average?
GQA MME® RWQA | SQA! AIRD MMMUY MMStar | ChartQA DocVQA  TextVQA  OCRBench
LLaVA-OneVision-SI-0.5B distill 0.6B Efficient Baseline
Efficient Baseline 587 1157.6 50.0 53.4 51.8 30.7 33.8 53.8 56.2 443 343 47.7
MiniLLM (Gu et al. 2024) 574 12473 51.5 539 514 29.0 35.0 57.3 62.4 47.4 36.8 49.5
LLaVA-KD™ (Cai etal. 2025) | 57.5  1203.8 52.0 52.6 52.6 29.9 345 57.3 62.7 48.2 39.0 49.7
EM-KD (Ours) 57.8 1226.5 515 53.0 51.5 31.0 36.1 59.1 64.1 49.2 39.7 50.4
LLaVA-OneVision-SI-7B distill 8B Efficient Baseline

Efficient Baseline 61.4  1455.0 61.2 70.3 72.1 338 433 69.7 76.9 65.4 51.6 61.7
MiniLLM (Gu et al. 2024) 62.6 14784 61.8 51.0 71.7 71.7 38.3 45.1 70.4 71.0 64.2 62.5
LLaVA-KD* (Cai etal. 2025) | 62.7  1465.3 61.8 72.1 71.5 38.5 453 69.5 75.1 63.9 51.3 62.3
EM-KD (Ours) 65.1 1514.9 62.2 77.4 72.4 38.9 46.0 69.6 74.3 64.1 51.7 63.4

Table 2: Performance comparisons with various MLLM distillation approaches. Efficient Baseline indicates the model was
only trained with SFT supervision. * means we integrate the Vision Token Matching into LLaVA-KD. The score of MME? is
divided by 20 when calculating the average accuracy. We implement these methods under the same setting. The results of our

method are highlighted with blue . T means that higher is better.

model.

As shown in Table 1, the EM-KD trained model achieves
50.4 average score, outperforming all previous Efficient
MLLMs by a significant margin, including FastV, Pyramid-
Drop, TokenPacker and DeCo. An interesting finding is that
our method still surpasses LLaVA-NeXT (49.4) with +1.0
accuracy improvement. Notably, LLaVA-NeXT is not an Ef-
ficient MLLM—it retains up to 576 tokens per image patch,
resulting in higher latency, whereas EM-KD uses only up to
144 tokens per patch. This demonstrates that EM-KD pro-
duces models with fewer vision tokens (i.e., more efficient
inference) while achieving superior performance—fully val-
idating the effectiveness of our methods.

Furthermore, we conduct efficiency comparisons between
all methods. Compared with LLaVA-NeXT (Liu et al.
2024b) (103.3ms TTFT), which does not compress the vi-
sion tokens, all other methods achieve efficiency improve-
ments due to the short embedding sequence. The accelera-
tion effect of training-free vision token pruning methods is
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generally inferior to that of training-based vision token com-
pression approaches. This discrepancy is because training-
free methods rely on attention maps to select important to-
kens, which is fundamentally incompatible with mature ac-
celeration operators such as Flash Attention and Scaled Dot-
Product Attention. Among all methods, the model trained
with EM-KD achieves the fastest speed (54.9ms), benefiting
from the most compact network architecture.

Comparison with other knowledge distillation methods.
To demonstrate the effectiveness of EM-KD, we make
fair comparisons with two previous representative methods:
MiniLLM (Gu et al. 2024) and LLaVA-KD (Cai et al. 2025).
It is worth noting that LLaVA-KD cannot directly distill
efficient student models due to the unbalanced vision to-
kens. We address this by integrating the same Vision Token
Matching, which is also a key contribution in this work, in
EM-KD to it.

As shown in Table 2, when using LLaVA-OneVision-SI-
0.5B (actually 0.9B) to distill 0.6B efficient baseline, all dis-



VLAD VSD RLD|General Knowledge OCR&Chart| Averagef
Baseline 55.5 42.4 47.2 47.7(A0.0)
v 56.1 41.1 49.6 48.4 (+0.7)
EM-KD| v v 56.6 42.1 515 49.5 (+1.8)
v v /| 569 429 53.0 50.4 (+2.7)

(a) Ablation study of key components.
Matching Methods General Knowledge OCR&Chart| Average?
Average Pooling 55.8 41.5 50.2 48.6 (-1.8)
Hungarian by Hidden States| 56.6 41.8 51.5 49.4 (-1.0)
Hungarian by Logits 56.9 429 53.0 50.4(A0.0)

(b) Experimental results
EM-KD.

Distill Objects of VSD ‘ General Knowledge OCR&Chart ‘ Average?
Hidden States 56.4 42.1 51.6 49.5 (-0.9)
56.9 429 53.0 50.4(A0.0)

with various matching methods in

Logits

(c) Experimental results with different distillation objects of
VSD in EM-KD.

Table 3: Ablation studies. The default setting is marked in
blue . 1 means that higher is better.

tillation methods outperform the SFT-only baseline, validat-
ing our core hypothesis: MLLM distillation can not only
perform well under varying model parameter scales, but
also work across different vision token quantities. What’s
more, EM-KD achieves the highest average score, surpass-
ing the baselines and other distillation methods. Specifically,
EM-KD demonstrates consistent improvements across most
tasks, such as DocVQA (64.1 v.s. 56.2 baseline), ChartQA
(59.1 v.s. 53.8 baseline), and MMStar (36.1 v.s. 33.8 base-
line). Compared to the LLM-style representative method
MiniLLM (Gu et al. 2024), EM-KD surpass it by 0.9 (50.4
v.s. 49.5). This occurs because MiniLLM solely optimizes
response tokens while disregarding the rich visual seman-
tics information in vision tokens. Compared to the stronger
competitor LLaVA-KD (Cai et al. 2025), because consid-
ering vision-language affinity, EM-KD yields a 0.7 point
improvement in average score (50.4 v.s. 49.7). When we
scale up the teacher and the student models, using LLaVA-
OneVision-SI-7B to distill 8B efficient baselines, EM-KD
exhibits consistent performance gains, outperforming two
powerful counterparts.

Ablation Study

We conduct a number of ablation experiments to verify the
effectiveness of each component in our EM-KD framework.
Unless specified, we report the results on the 0.6B effi-
cient student with the LLaVA-OneVision-SI-0.5B serving as
teacher, and the experiment settings are kept as the same as
the Sec .

Key Components. As shown in Table 3a. We evaluate the
impact of three key components: VLAD, VSD, and RLD, on
the performance across different task categories, including
General, Knowledge and OCR&Chart, as well as the over-
all average score. Starting from the baseline, which achieves
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an average score of 47.7, we observe that introducing the
VLAD alone leads to an improvement, raising the average
score to 48.4 (+0.7). Adding the VSD on top of VLAD fur-
ther improves the average score to 49.5 (+1.8 compared to
baseline) When all three components (VLAD, VSD, and
RLD) are combined, the model achieves the best perfor-
mance with an average score of 50.4 (+2.7 compared to
baseline). Significant improvements are observed both in
General benchmarks (from 55.5 to 56.9) and OCR&Chart
(from 47.2 to 53.0) benchmarks.

These results confirm that each component in our pro-
posed EM-KD brings complementary benefits, and their
joint application leads to the most substantial performance
gains. The ablation study clearly demonstrates the effective-
ness and necessity of all key components to achieve the best
results.

Matching Methods. Table 3b presents the experimental
results of different matching methods in the EM-KD, in-
cluding Average Pooling, Hungarian matching by Vision
Hidden States, and Hungarian matching by Vision Logits.
Average Pooling achieves the lowest average score of 48.6.
Hungarian matching by Vision Hidden States slightly im-
proves the performance, reaching an average score of 49.4.
When using Vision Logits to match the teacher and student,
EM-KD achieves the best average score of 50.4. This ex-
periment demonstrates that the Hungarian algorithm enables
more precise matching, significantly enhancing the perfor-
mance of distillation methods. Besides, matching based on
Vision Logits is more beneficial because they possess ex-
plicit semantics, and distance metrics measured in vocab-
ulary space give more accurate results than those in low-
dimensional Hidden States.

Distillation Objects of VSD. Table 3c compares the effect
of different distillation objects for VSD: (1) distilling Vision
Hidden States and (2) distilling Vision Logits. When dis-
tilling Hidden States, the model achieves an average score
of 49.5. Distilling Logits further improves the performance,
yielding an average score of 50.4. This result suggests that
using Logits as the distillation target is more effective than
using Hidden States, consistent with the findings in the pre-
vious experiment. The vision logits encapsulate the distilled
knowledge and lead to better overall generalization on all
benchmarks, especially in the OCR&Chart dataset.

Conclusion

In this paper, we propose EM-KD, a novel paradigm that em-
ploys a well-pretrained teacher to distill Efficient MLLM.
EM-KD addresses the visual token imbalance issue via
the Hungarian algorithm, establishing strict token-level cor-
respondence. Building upon the optimal assignment, we
further introduce Vision-Semantic Distillation and Vision-
Language Affinity Distillation to transfer more knowledge
from the teacher to the student. We hope this work will draw
the community’s attention to Efficient MLLM:s.
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