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Abstract

The success of Large Language Models (LLMs) has inspired
the development of Multimodal Large Language Models
(MLLMs) for unified understanding of vision and language.
However, the increasing model size and computational com-
plexity of large-scale MLLMs (l-MLLMs) limit their use
in resource-constrained scenarios. Although small-scale
MLLMs (s-MLLMs) are designed to reduce computational
costs, they typically suffer from performance degradation.
To mitigate this limitation, we propose a novel LLaVA-
KD framework to transfer knowledge from l-MLLMs to s-
MLLMs. Specifically, we introduce Multimodal Distillation
(MDist) to transfer teacher model’s robust representations
across both visual and linguistic modalities, and Relation
Distillation (RDist) to transfer teacher model’s ability to
capture visual token relationships. Additionally, we propose
a three-stage training scheme to fully exploit the potential of
the proposed distillation strategy: 1) Distilled Pre-Training
to strengthen the alignment between visual-linguistic rep-
resentations in s-MLLMs, 2) Supervised Fine-Tuning to
equip the s-MLLMs with multimodal understanding capac-
ity, and 3) Distilled Fine-Tuning to refine s-MLLM’s knowl-
edge. Our approach significantly improves s-MLLMs per-
formance without altering the model architecture. Exten-
sive experiments and ablation studies validate the effective-
ness of each proposed component. Code will be available
at https://github.com/Fantasyele/LLaVA-KD.

1. Introduction

Inspired by the significant achievements of Large Language
Models (LLM) in the field of Natural Language Process-
ing, an emerging and rapidly developing research area is fo-
cusing on the development of Multimodal Large Language
Models (MLLM). These models [3, 24, 45] integrate vi-
sual encoder, feature projector, and LLM to achieve unified

*Equal Contribution. Work done during internship at Tencent YouTu
Lab. †Correspondence to Xiang Bai<xbai@hust.edu.cn>.

understanding of visual and linguistic information. How-
ever, the success of MLLMs benefits from the scaling law,
which significantly increases the model size. The large-
scale model and high-cost inference limit the application of
MLLMs in resource-constrained scenarios.

Some works [6, 53] address this challenge by directly
adopting lightweight LLM backbones to build small-scale
MLLMs (s-MLLMs), while preserving the conventional
two-stage paradigm of large MLLMs (l-MLLMs) for model
training, as illustrated in Fig. 1(a). This paradigm comprises
two stages: Pre-Training (PT) and Supervised Fine-Tuning
(SFT). The PT stage establishes cross-modal alignment
by projecting visual features to the text embedding space,
while the SFT stage enhances multimodal understanding
capabilities. Nevertheless, directly applying this paradigm-
originally designed for l-MLLMs to s-MLLMs often yields
suboptimal performance due to inherent capacity limita-
tions [18], preventing s-MLLMs from effectively learning
the complex knowledge that l-MLLMs can capture. Re-
cent efforts compensate for this issue by optimizing model
structure and improving the quality of training data: MoE-
LLaVA [23] introduces the Mixture-of-Experts [17] (MoE)
to enhance the model’s ability for understanding complex
multimodal information while maintaining the computa-
tional cost, and Bunny [13] improves the training data qual-
ity by removing redundant data. Unlike these methods, we
propose investigating training paradigm optimization as a
novel pathway to enhance s-MLLMs performance, without
architectural modifications or data engineering.

Knowledge distillation (KD) transfers knowledge from
powerful teacher models to small student networks, sig-
nificantly improves the performance of students with less
computation. Although KD has achieved remarkable suc-
cess in traditional vision tasks, its application to MLLMs
remains underexplored. Given that MLLMs primarily rely
on language models to achieve robust cross-modal under-
standing, they present a challenge for distillation: how to
effectively transfer multimodal understanding capabilities
via language model distillation. However, existing LLM
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Figure 1. To train a small-scale MLLM, (a) the existing methods
follow a two-stage training scheme, including Pre-Training (PT)
and Supervised Fine-Tuning (SFT). (b) Our LLaVA-KD proposes
a three-stage scheme to exploit the potential of s-MLLM, includ-
ing Distilled Pre-Training (DPT) to align visual-textual represen-
tation, SFT to equip the model with multimodal understanding,
and Distilled Fine-Tuning (DFT) to refine s-MLLM’s capacities.

distillation research focuses solely on knowledge transfer
in the text modality, promoting the student model to mimic
teacher-generated responses. Visual modality, however,
play an equally crucial role in achieving comprehensive
cross-modal understanding. To address this limitation, we
propose two key innovations: (1) Multimodal Distillation
(MDist), which extends distillation optimization to both vi-
sual and linguistic modalities, ensuring a holistic transfer
of multimodal representations, and (2) Relation Distilla-
tion (RDist), which is predicated on the observation that
structural relationships among visual tokens encode essen-
tial spatial and semantic dependencies for accurately under-
standing complex visual scenes, such as object positioning
and inter-object interactions. We propose RDist to explic-
itly transfer the teacher model’s capability to capture visual
token relationships to the s-MLLM.

A straightforward approach is to introduce the above dis-
tillation strategy during the SFT stage to enhance s-MLLM
multimodal understanding capacity. However, we observe
that this approach exhibits limited benefits. In this pa-
per, motivated by two key observations, we propose an
optimized three-stage training framework, as displayed in
Fig. 1(b). First, effective cross-modal alignment between
visual and textual representations forms the foundation for
multimodal understanding. To strengthen this alignment,
we incorporate the Distillation during the PT stage (DPT),
enabling the s-MLLM to optimize the visual-linguistic joint
embedding space through emulating the multimodal su-
pervision signals from the l-MLLM. Second, employing
knowledge distillation exclusively during SFT is insuffi-
cient for comprehensive capability transfer. We therefore
propose a SFT-DFT (Supervised Fine-Tuning followed by
Distilled Fine-Tuning) paradigm where the s-MLLM first

establishes baseline understanding through standard SFT,
then undergoes dedicated DFT to refine its knowledge.

Our method surpasses existing s-MLLM approaches
across various multimodal benchmarks. We summarize our
contributions as follows:
• We introduce LLaVA-KD, a novel MLLM-oriented distil-

lation framework to transfers the knowledge from large-
scale MLLM to the small-scale MLLM. Specifically, it
contains a three-stage training scheme, including Dis-
tilled Pre-Training (DPT) for enhanced multimodal align-
ment, Supervised Fine-Tuning (SFT) for knowledeg ac-
quisition, and Distilled Fine-Tuning (DFT) for compre-
hensive knowledge refinement.

• We propose an innovative distillation strategy that inte-
grates Multimodal Distillation (MDist) to optimize both
visual and linguistic modalities with Relational Distilla-
tion (RDist), enhancing the s-MLLM’s ability to capture
relationships among visual tokens.

• Comprehensive evaluations across popular multimodal
benchmarks demonstrate LLaVA-KD’s superiority over
recent s-MLLM advances.

2. Related Works
2.1. Multimodal Large Language Model
The emergence of large language models (LLMs) has pro-
moted significant advances in MLLM for vision-language
understanding. Early approaches like BLIP-2 [20] employs
a querying transformer architecture to establish cross-modal
alignment for multimodal information understanding. In
contrast, Flamingo [2] introduces gated cross-attention lay-
ers to fuse visual features into LLMs. Recent meth-
ods [3, 24, 25] typically employ the lightweight projector
such as Multi-Layer Perceptron (MLP) to align visual fea-
tures with the text embedding space, followed by supervised
instruction tuning on large-scale instruction dataset to en-
hance MLLMs’s understanding capabilities. Most recently,
a prominent research direction aims to enhance MLLMs’
fine-grained visual perception through high-resolution in-
put processing [22, 28], enabling diverse downstream ap-
plications including image segmentation [39, 50, 51] and
grounding [29, 49]. Despite these advancements, the large
model size and computational cost of current MLLMs
greatly limit their application in resource-constrained sce-
narios, such as mobile devices.

Lightweight Multimodal Large Language Model. Ex-
isting lightweight MLLMs primarily reduce model parame-
ters by employing lightweight LLM backbones. For exam-
ple, LLaVA-Phi [53] adapts the LLaVA1.5 [24] framework
by substituting its foundation model with the parameter-
efficient Phi-2 backbone. Recent studies demonstrate that
optimizing model structure and training data can com-
pensate for performance degradation caused by reduced
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model capacity: MoE-LLaVA [23] incorporates mixture-
of-experts (MoE) into LLMs, achieving competitive multi-
modal understanding with merely 3B activated parameters.
Bunny [13] curates training data by clustering image em-
beddings via K-Means, followed by graph-based similarity
pruning to reduce data size while maintaining diversity.

Unlike these methods, our approach focuses on improv-
ing the training paradigm for MLLMs. In this paper, we
propose a three-stage training framework based on knowl-
edge distillation. By transferring the knowledge of large
MLLMs to lightweight MLLMs, the light MLLMs’ capa-
bilities will be significantly enhanced.
2.2. Knowledge Distillation
Knowledge Distillation (KD) [14] aims to transfer the
knowledge from a large, complex teacher model to a
lightweight, simple student model. This technique can
significantly improve the performance of small models
with fewer parameters, less computation, and faster speed.
Knowledge distillation has been successful applied in vi-
sual tasks and has achieved success in many fields, typically
in the domain of image classification. For example, Early
work [14] establishes soft target distillation using teacher
logits as supervisory signals. Subsequent innovations like
DKMF [37] and FNKD [41] reveal that intermediate feature
alignment between teacher and student architectures yields
superior classification accuracy. DGKD [34] further im-
proves the student model’s predictions by integrating multi-
ple teacher models for guidance.
KD for LLM. With the successful release of ChatGPT
and its significant application value, LLM has gradually at-
tracted attention and achieved numerous research progress
in recent years [1, 4]. However, to achieve better results, the
model size has also become increasingly larger which fol-
lows scaling law [18], limiting its application in resource-
constrained scenarios. This has promoted research into KD
techniques for compressing LLMs while preserving their
emergent capabilities.

MiniLLM [11] and DistiLLM [19] optimize the distil-
lation process, proposing reverse Kullback-Leibler diver-
gence (KLD) and skewed KLD objectives respectively, mit-
igating student overfitting to teacher distribution tails. Wu et
al. [40] introduce an adaptive strategy that dynamically bal-
ances the weighting between standard KLD and reverse
KLD objectives. Parallel efforts [15, 30, 35] leverage the
Chain-of-Thought (CoT) capability of large LLMs to estab-
lish causal dependencies, thereby enriching training data.
KD for MLLM. Most recently, LLAVA-MoD [32] ad-
vances knowledge distillation for training s-MLLMs. The
method first optimizes the structure of the s-MLLM by in-
tegrating MoE [17, 23] into the LLM, thereby enhancing
the model’s expressive ability. During training, it firstly em-
ploys standard KLD to align the output distribution between
the s-MLLM and l-MLLM. Additionally, it introduces a

preference distillation process to improve the s-MLLM’s
discriminative capability, thereby reducing hallucinations.
LLaVADI [42] is another s-MLLM work based on distilla-
tion, which reveals that most training strategies designed for
LLMs do not bring additional benefits to the MLLMs, sug-
gesting the need for specialized optimization approaches in
s-MLLM development.

Unlike existing LLM/MLLM distillation methods that
rely on complex constraint design, or elaborate architectural
modifications, we focus on optimizing training schemes and
developing multimodal distillation strategies. This enables
efficient performance improvement for s-MLLMs while
maintaining architectural simplicity.

3. LLaVA-KD

The deployment of lightweight MLLMs is crucial for
resource-constrained environments. However, small-scale
MLLMs trained using conventional paradigm often yield
suboptimal results. For instance, while a 4B TinyLLaVA
model achieves 65.0% performance,reducing the model size
to 0.5B results in a significant performance drop to 54.7%.
To mitigate this issue, we propose an innovative three-stage
training scheme, incorporating a novel distillation strategy,
termed LLaVA-KD, as illustrated in Fig. 2.

3.1. Composition of Distilled MLLM Architecture

Fig. 2(Left) illustrates the distillation process for MLLM,
which includes a large-scale l-MLLM as the teacher model
and a small-scale s-MLLM as the student model. Both them
follow the architecture design of LLaVA-1.5 [24], and each
includes three main components:
Frozen Visual Encoder is used to obtain robust visual fea-
tures. Specifically, given an input image Xv ∈ RH×W×3,
it is first sequenced to 2D patches Pv ∈ RNp×S2

p×3 with
Sp and Np representing patch size and its number, respec-
tively. The subsequent transformer layers will project these
patches to visual features Zv ∈ RNp×C , where C de-
notes the dimension. Both teacher and student models use
the same visual encoder, and we employ the pre-trained
SigLIP [48] following previous success [13, 36].
Visual Projector contains two MLP layers with a GELU
activation function to project visual features Zv into the text
embedding space Hv ∈ RNp×D, where D denotes the em-
bedding dimensions.
Large Language Model (LLM) The LLM integrates mul-
timodal information through joint processing of visual em-
beddings Hv and text embeddings Ht. These representa-
tions are concatenated as H = [Hv, Ht] and processed to
generate sequential outputs: y = [yp,yv,yr] = {yt}Tt=1,
where yp, yv , and yr respectively denote prompt, visual,
and response token sequences, and T denotes the length of
all prediction tokens.
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Figure 2. Overview of our LLaVA-KD that contains three stages for effect training: 1) Distilled Pre-Training (DPT) to align visual and
text information as l-MLLM. 2) Supervised Fine-Tuning (SFT) to enable s-MLLM with multimodal understanding capacity. 3) Distilled
Fine-Tuning (DFT) to refine s-MLLM’s capacity by transferring l-MLLM’s knowledge. During the training phase, we employ Multimodal
Distillation (MDist) and Relation Distillation (RDist) in both DPT and DFT stages.

3.2. Training Scheme of Teacher Model l-MLLM
This section presents the common training scheme for pow-
erful l-MLLMs, establishing performance upper bounds for
s-MLLMs. This scheme consists of two stages:
Pre-Training. The Visual Encoder and l-LLM are kept
frozen, and only the Projector is optimized to align visual
features with textual features. The training process employs
image-caption pairs with the objective:

Lreg = −
M∑

m=1

log ϕl (ym | y<m) , (1)

where M denotes the length of predicted response tokens,
while ϕl (ym | y<m) denotes the distribution for the re-
sponse token ym based on previous predictions y<m.
Supervised Fine-Tuning. This stage keeps the Visual En-
coder frozen, aiming at jointly optimizing Projector and l-
LLM to enhance understanding and instruction-following
capacities of the teacher model. Training employs high-
quality instruction datasets with the objective function
LSFT following the autoregressive training paradigm de-
fined in Equation 1.

3.3. Framework of LLaVA-KD
We first adopt the previous training strategy (Sec. 3.2) to
develop the l-MLLM. For training s-MLLM, we propose
a novel distillation strategy tailored for multimodal infor-
mation learning (Sec. 3.3.1), and we further design a three-
stage training scheme (Sec. 3.3.2).

3.3.1. MLLM-Oriented KD Strategy
Multimodal Distillation (MDist). Considering that
MLLM essentially leverages LLM for multimodal in-
formation understanding and reasoning, we follow the
naive distillation method of LLM that uses standard

Kullback-Leibler Divergence (KLD) to distill the response
predictions. The training objective can be defined as:

Lres =
M∑

m=1

KLD(ϕl(ym | y<m), ϕs(ym | y<m)),

=

M∑
m=1

V∑
j=1

ϕl (Yj | y<m) log

(
ϕl (Yj | y<m)

ϕs (Yj | y<m)

)
,

(2)
where M represents the length of response tokens and
V denotes the vocabulary space. ϕl and ϕs denote the
model parameters of l-MLLM and s-MLLM, respectively,
ϕl (Yj | y<m) and ϕs (Yj | y<m) denote the probability of
vocabulary Yj in the response token ym, as predicted by l-
MLLM and s-MLLM.

Meanwhile, the visual representation also plays a criti-
cal role for multimodal understanding of LLM. To leverage
this property, we further optimize the output distributions of
visual tokens from the teacher and student:

Lvis =
K∑

k=1

V∑
j=1

ϕl (Yj | y<k) log

(
ϕl (Yj | y<k)

ϕs (Yj | y<k)

)
, (3)

where K denotes the length of visual tokens, V denotes
the vocabulary space, ϕl (Yj | y<k) and ϕs (Yj | y<k) rep-
resent the probability of vocabulary Yj in the visual token
yk, as predicted by l-MLLM and s-MLLM respectively.

Relation Distillation (RDist). To empower the student
model with fine-grained relational reasoning capabilities for
complex visual scenes understanding, we construct a self-
correlation matrix from the LLM-generated visual tokens.
Through knowledge distillation by minimizing the matrix
divergence, the student model inherits the teacher model’s
ability to comprehend the intricate relationships among vi-
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sual tokens. To achieve this, we first compute the self-
correlation matrices as follows:{

Rs
v = ys

v ⊗ ys
v ∈ RNp×Np ,

Rt
v = yt

v ⊗ yt
v ∈ RNp×Np ,

(4)

where ⊗ represents matrix multiplication, ys
v and yt

v denote
the visual tokens of the student and teacher, and Np denotes
the number of visual tokens. Subsequently, we maximum
the cosine similarity between Rs

v and Rt
v that is defined as:

Lrel = 1− Cos(Rs
v, R

t
v) = 1− Rs

v ·Rt
v

∥Rs
v∥∥Rt

v∥
, (5)

where Cos(·) denotes the cosine similarity.

3.3.2. Three-Stage Distillation Scheme
Motivated by two critical observations, we propose a novel
three-stage training paradigm, as illustrated in Figure 2.
First, effective cross-modal alignment between visual and
textual representations serves as the foundation for compre-
hensive multimodal understanding. To achieve this, we in-
troduce Distilled Pre-Training (DPT) that enhances visual
feature quality through targeted knowledge transfer, thereby
promoting robust visual-textual alignment. Second, we ob-
serve that directly applying distillation during SFT yields
limited benefits. To address this limitation, we propose a
paradigm where the student model first develops baseline
comprehension through standard SFT, then undergoes re-
finement through Distilled Fine-Tuning (DFT). This phased
approach enables progressive knowledge acquisition and re-
finement and ultimately enhances the model’s overall mul-
timodal understanding capacity.

Distilled Pre-Training (DPT). The main purpose of this
stage is to project visual features to the text embedding
space. Previous methods [24, 53] primarily achieve this by
optimizing the autoregressive prediction process of LLM
(Eq. 1). In contrast, LLaVA-KD further incorporates the
distillation strategy to enhance cross-modal alignment.

Specifically,the visual encoder and language model com-
ponents from the s-MLLM remain frozen during train-
ing, with optimization exclusive to the projection module.
MDist is utilized to minimize the discrepancy between the
student and the teacher model in terms of the output distri-
bution of visual and response, while RDist is incorporated
to enable the student to learn from the teacher model’s abil-
ity to handle complex visual interactions. The combined
MDist and RDist further optimize the quality of visual fea-
tures, promoting the alignment between projected visual
features and textual embeddings.

Overall, in addition to optimizing the autoregressive pre-
diction results, we also utilize a multimodal distillation and
relation distillation procedure. The objective is defined as:

LDPT = Lreg + αLres + βLvis + γLrel, (6)

where Lreg denotes the auto-regressive prediction loss,
α, β, are weights for visual and response distillation in
MDist, and γ is the weight for RDist.

Supervised Fine-Tuning (SFT). At this stage, we follow
the common SFT procedure of the l-MLLM training phase
(Sec. 3.2). By jointly training the Projector and s-LLM,
the model is initialized with multimodal information under-
standing ability and instruction-following capability. The
training objective can be defined as Eq. 1, denoted as L′

SFT .

Distilled Fine-Tuning (DFT). The main objective of this
stage is to further refine the capacity of the s-MLLM.
Specifically, we integrate the distillation strategies of MDist
and RDist during this training phase to effectively acquire
knowledge from the l-MLLM. MDist enables the s-MLLM
to directly emulate the l-MLLM’s sophisticated multimodal
understanding capabilities, whereas RDist enhances the s-
MLLM’s visual representations by learning to capture vi-
sual token relationships, promoting a more context-aware
understanding in the s-MLLM. Overall, the training objec-
tive can be defined as:

LDFT = Lreg + α′Lres + β′Lvis + γ′Lrel, (7)

where Lreg denotes the auto-regressive prediction loss,
α′, β′ are weights for visual and response distillation in
MDist, and γ′ is the weight for RDist.

4. Experimental Results
4.1. Setup
Implementation Details. For both the large/small-
scale MLLMs, we employ the pre-trained SigLIP-
B/14@384px [48] as the Visual Encoder and a two-layer
MLP with a GELU activation layer as the Projector, while
adopting Qwen1.5 [43] and Qwen2.5 families as LLM mod-
els. During training, we utilize the LLaVA1.5-558k [24] for
the DPT stage, and LLaVA-mix-665k [24] for both SFT and
DFT stages. The loss weights ({α, β, γ} and {α′, β′, and
γ′} ) during DPT and DFT stages are set to 1.0, 1.0, and 0.5,
respectively. The detailed training hyperparameter configu-
rations are illustrated in Appendix.

Details of Comparison Methods. We primarily compare
with recent efforts focused on small-scale MLLMs, in-
cluding Imp [31], Bunny [13], Mini-Gemini [22], MoE-
LLaVA [23], SPHINX [9], TinyLLaVA [52] and LLaVA-
MoD [32]. Additionally, we also compare our LLaVA-
KD with current state-of-the-art MLLMs, such as Instruct-
BLIP [7], mPLUG-Owl2 [46], LLaVA1.5 [24], Qwen-
VL [3], MobileVLM [6], MiniCPM-V [45].

Benchmark Settings. General VQA requires models to
generate answers based on the image and related ques-
tion, necessitating the ability to understand how visual
and textual information interrelate. For general VQA,
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Method LLM #Samples Image Question Answering Benchmarks
Avg7 Avg10VQAv2 GQA VisWiz SciQA TextVQA MME MMB MMBCN POPE MMMU

LLaVA-1.5 Vicuna-7B 1.2 M 78.5 62.0 50.0 66.8 58.2 75.5 64.3 58.3 85.9 34.4 62.2 63.4
InstructBLIP Vicuna-7B 130 M - 49.2 - 60.5 50.1 - 36.0 - - - - -

Qwen-VL Qwen-7B 1500 M 78.8 59.3 35.2 67.1 63.8 - 38.2 7.4 - - - -
Qwen-VL-Chat Qwen-7B 1500 M 78.2 57.5 38.9 68.2 61.5 74.4 60.6 56.7 - 35.9 59.7 -
mPLUG-Owl2 LLaMA2-7B 400 M 79.4 56.1 54.5 68.7 54.3 72.5 66.5 - 85.8 32.7 62.1 -
TinyLLaVA† Qwen1.5-4B 1.2 M 79.9 63.4 46.3 72.9 59.0 69.3 67.9 67.1 85.2 38.9 63.7 65.0
TinyLLaVA† Qwen2.5-3B 1.2 M 80.4 63.2 38.7 76.0 61.5 73.9 71.8 69.5 86.4 40.3 64.9 66.2
TinyLLaVA Phi2-2.7B 1.2 M 79.9 62.0 - 69.1 59.1 73.2 66.9 - 86.4 38.4 - -

Bunny Phi2-2.7B 2.6 M 79.8 62.5 43.8 70.9 56.7 74.4 68.6 37.2 - 38.2 59.2 -
Imp-3B Phi2-2.7B 1.5 M - 63.5 54.1 72.8 59.8 - 72.9 46.7 - - - -

MobileVLM MLLaMA-2.7B 1.2 M - 59.0 - 61.0 47.5 64.4 59.6 - 84.9 - - -
MoE-LLaVA Phi2-2.7B 2.2 M 79.9 62.6 - 70.3 57.0 - 68.0 - 85.7 - - -
MiniCPM-V MiniCPM-2.4B 570 M - 51.5 50.5 74.4 56.6 68.9 64.0 62.7 79.5 - 61.2 -

LLaVADI MLLaMA-2.7B 1.2 M - 61.4 - 64.1 50.7 68.8 62.5 - 86.7 - - -
Imp-2B Qwen1.5-1.8B 1.5 M 79.2 61.9 39.6 66.1 54.5 65.2 63.8 61.3 86.7 - 58.9 -

Bunny-2B Qwen1.5-1.8B 2.6 M 76.6 59.6 34.2 64.6 53.2 65.0 59.1 58.5 85.8 - 56.3 -
Mini-Gemini-2B Gemma-2B 2.7 M - 60.7 41.5 63.1 56.2 67.0 59.8 51.3 85.6 31.7 57.1 -
MoE-LLaVA-2B Qwen-1.5-1.8B 2.2 M 76.2 61.5 32.6 63.1 48.0 64.6 59.7 57.3 87.0 - 55.3 -

TinyLLaVA† Qwen2.5-1.5B 1.2 M 78.8 62.0 43.2 72.0 57.4 72.5 68.6 63.0 85.5 37.0 62.7 64.0
TinyLLaVA† Qwen1.5-1.8B 1.2 M 73.1 55.5 34.9 65.3 47.7 61.2 57.1 55.5 83.4 34.1 53.9 56.8
LLaVA-MOD Qwen1.5-1.8B 5 M - 58.7 39.2 68.0 58.5 66.7 66.3 61.9 87.0 - 59.9 -
LLaVA-KD Qwen1.5-1.8B 1.2 M 79.0 62.3 44.7 64.7 53.4 69.1 64.0 63.7 86.3 33.6 60.3 62.1
LLaVA-KD Qwen2.5-1.5B 1.2 M 80.3 62.5 46.0 71.6 59.7 70.0 71.0 66.6 86.7 35.8 63.9 65.0

SPHINX-Tiny TinyLlama-1.1B 15 M 74.7 58.0 49.2 21.5 57.8 63.1 52.3 56.6 82.2 - 51.2 -
TinyLLaVA† Qwen1.5-0.5B 1.2 M 73.9 57.4 24.9 60.9 47.4 59.8 55.0 52.4 83.7 31.6 51.1 54.7
TinyLLaVA† Qwen2.5-0.5B 1.2 M 74.8 58.3 28.9 59.1 49.2 61.5 58.9 54.2 86.1 33.6 52.9 56.5

LLaVADI MLLaMA-1.4B 1.2 M - 55.4 - 56.0 45.3 58.9 55.0 - 84.7 - - -
LLaVA-MOD Qwen1.5-0.5B 5 M - 56.2 31.6 62.8 53.9 65.3 58.8 50.4 - - 54.1 -
LLaVA-KD Qwen1.5-0.5B 1.2 M 77.0 59.6 35.9 60.6 49.9 64.5 60.1 55.5 85.9 30.2 55.2 57.9
LLaVA-KD Qwen2.5-0.5B 1.2 M 77.7 59.8 41.5 60.6 52.0 64.7 61.3 57.0 86.4 28.3 56.7 58.9

Table 1. Benchmarked results with SoTA MLLMs. Compared with counterparts, our LLaVA-KD achieves highly competitive results
than current small-scale MLLM models. Optimal and sub-optimal results are in bold and underline. grey, orange and blue backgrounds
represent ours baseline, the most direct MLLM distillation methods and our approach, respevtively. Avg7: The average of the seven
benchmarks for direct comparison with existing MLLM distillation methods, excluding VQAv2, POPE, MMMU. Avg10: The average
across all benchmarks for comprehensive comparison. †: reproduced results using the official code.

we evaluate LLaVA-KD on four benchmarks including
VQAv2 [10], GQA [16], VizWiz [12], and ScienceQA (Im-
age set) [27]. Scene Text-centric VQA (TextVQA [33]) re-
quires the model recognize and understand textual informa-
tion in an image. Additionally, we use five popular bench-
marks for comprehensive evaluation including MME [8],
MMB [26], MMBCN [26], POPE [21], and MMMU [47].

4.2. Benchmarked Results with the SoTAs
As shown in Table 1, our LLaVA-KD demonstrates su-
perior performance across both 1B and 2B model scales.
Specifically, for the 1B configuration, when initialized with
Qwen1.5-0.5B, LLaVA-KD achieves a 4.0% average im-
provement in Avg7 over SPHINX-Tiny [9], using only
1M training samples compared to SPHINX-Tiny’s 15M.
Meanwhile, we outperform the recent MLLM distillation
art LLaVA-MoD [32] by 1.1% in Avg7, while requiring
less training data (1.2M vs. 5M). Notably, LLaVA-MoD
introduces a MoE structure in the s-MLLM, resulting in
large total parameters. Further employing Qwen2.5-0.5B
improves LLaVA-KD’s performance. Moreover, compared
to the TinyLLaVA baseline (Qwen1.5-0.5B/Qwen2.5-0.5B)
using conventional PT-SFT training scheme, LLaVA-KD
achieves improvements of 3.2% and 2.4% in Avg10 respec-
tively across all ten benchmarks.

Our advantage extends to the 2B model scale, achieving
the leading performance compared to existing small-scale
MLLMs. When built upon Qwen1.5-1.8B, our model out-

performs both LLaVA-MoD [32] and Imp-2B [31] by 0.4%
and 1.4% in Avg7 respectively, while maintaining greater
data efficiency. Similar to the 1B observations, LLaVA-
KD-2B demonstrates comprehensive improvements over
TinyLLaVA baseline (Qwen1.5-1.8B/Qwen2.5-1.5B) with
gains of 5.3% and 1.0% in Avg10, respectively.

4.3. Ablation Study and Analysis
Three-Stage Training Recipe. In Table 2, we investigate
the impact of different training stages. Initially, we follow
the conventional Pre-Training (PT) followed by Supervised
Fine-Tuning (SFT) recipe to train the small MLLM, which
serves as our baseline (Row 1) with an average performance
of 54.7%. Incorporating DPT alongside SFT (Row 2) re-
sults in a 0.9% improvement (55.6% vs. 54.7%), suggest-
ing that DPT enhances the alignment between visual fea-
ture and text embedding and thereby facilitates the LLM’s
understanding of multimodal information. When we further
employ DFT (DPT-SFT-DFT, Row 6), the model’s perfor-
mance improves significantly by 2.3%, achieving 57.9% in
Avg10. The result indicates that DFT effectively enables
the s-MLLM to learn knowledge from the l-MLLM, sub-
stantially enhancing its understanding capabilities. In con-
trast, omitting the SFT stage (DPT-DFT, Row 4) results in
a notable performance drop to 55.9%, underscoring the ne-
cessity of the SFT stage for knowledge acquisition. No-
tably, the DPT-DFT achieves optimal results in the two-
stage training paradigm. Introducing an additional DFT
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Training Scheme Image Question Answering Benchmarks
Avg10VQAv2 GQA VizWiz SciQA TextVQA MME MMB MMBCN POPE MMMU

PT-SFT 73.9 57.4 24.9 60.9 47.4 59.8 55.0 52.4 83.7 31.6 54.7
DPT-SFT 74.6 57.8 28.8 61.2 49.1 59.9 56.9 51.6 84.3 31.4 55.6
PT-DFT 75.1 57.0 29.5 60.9 49.2 59.6 57.3 55.0 85.5 29.6 55.8
DPT-DFT 75.5 58.0 27.5 59.7 49.3 60.6 57.7 54.7 85.4 30.3 55.9
PT-SFT-DFT 76.6 59.4 32.6 60.4 48.4 60.9 57.8 54.0 84.9 31.3 56.6
DPT-SFT-DFT 77.0 59.6 35.9 60.6 49.9 64.5 60.1 55.5 85.9 30.2 57.9
DPT-DFT-DFT 77.5 60.3 37.6 61.1 49.3 63.2 59.4 54.9 86.0 31.0 58.0

Table 2. Ablation studies of different training stages.

DPT SFT DFT Avg10MDist RDist MDist RDist
% !

!
% % 55.5

! % % % 55.1
! ! % % 55.6
! !

!
% ! 57.0

! ! ! % 57.7
! ! ! ! 57.9
Table 3. Ablation Study on MDist and RDist.

Training Stage Response tokens Prompt tokens Visual tokens Avg10

DPT
! % % 54.9
! ! % 55.0
! % ! 55.1
! ! ! 54.6

DFT
! % % 57.2
! ! % 56.9
! % ! 57.7
! ! ! 57.1

Table 4. Ablation Study on Distillation Targets.

phase (Row 7) yields comparable performance to DPT-
SFT-DFT with 58.0%, but requires increased computational
overhead (120 GPU hours). This indicates that DPT-SFT-
DFT achieves the best performance-computation trade-off.

Additionally, we observe that the performance of PT-
DFT (Row 3) and DPT-DFT is comparable. Meanwhile,
when the SFT stage is incorporated, the DPT-based pipeline
(DPT-SFT-DFT, Row 6) outperforms PT-based pipeline
(PT-SFT-DFT, Row 5) by 1.3%, emphasizing the advantage
provided by DPT. The comparable results obtained in the
absence of SFT highlight the critical role of DFT, which
enhances the model’s comprehension ability regardless of
the pretraining strategy. Although DPT establishes superior
multimodal alignment during initial pretraining, DFT’s ro-
bust knowledge transfer compensates for the limitations of
PT, ultimately leading to similar performance between PT-
DFT and DPT-DFT.

Distillation Strategy. Table 3 explores the influence of
different distillation strategies, including MDist and RDist,
during both the DPT and DFT stages. First, we report the re-
sults of DPT using different distillation strategies, followed
by SFT (Rows 1-3). The results show that using RDist
alone is more effective than using MDist alone, with this im-
provement potentially attributed to RDist’s effectiveness in
preserving relationships in visual representations, thereby
enhancing feature quality and promoting effective visual-
textual alignment for improved cross-modal understanding
in the s-MLLM. Please note that while more sophisticated
methods could capture finer visual relations, they typically
introduce greater complexity. As such, our choice of RDist
represents a practical balance between complexity and ef-

fectiveness. During the DFT stage (Rows 4-6), MDist
proves to be more effective than RDist. The advantage
likely arises from the direct alignment of the output mul-
timodal distribution of large MLLMs, which enhances the
understanding capabilities of small MLLMs. Across both
distillation stages, combining MDist and RDist achieves op-
timal performance. The results demonstrate that integrating
both MDist and RDist helps to comprehensively transfer the
knowledge from large MLLMs to small MLLMs.
Distillation Targets. As shown in Table 4, we validate the
effectiveness of different distillation targets in MDist during
both the DPT stage and DFT stage. The results indicate that,
unlike most existing methods that focus solely on distill-
ing the response, incorporating visual distillation achieves
the best results, whether in the DPT or DFT stage. This
improvement can be attributed to that, in the DPT stage,
adding visual constraints helps improve the quality of the
projected visual space in the s-MLLM, thereby promoting
the alignment of visual and language information, facilitat-
ing unified understanding by the LLM. Furthermore, dur-
ing the DFT stage, direct imitation of visual-textual cross-
modal comprehension in l-MLLM, further enhances the s-
MLLM’s understanding and reasoning capabilities.
Comparison of Distillation strategy of LLM. We fur-
ther evaluate our proposed MDist and RDist distillation
strategy against existing LLM distillation approaches un-
der the PT-DFT training recipe, as illustrated in Table 5.
Our method achieves the best results across seven bench-
marks, demonstrating an average improvement of 0.3%
compared to Forward Kullback-Leibler Divergence (FKL)
and Jensen–Shannon Divergence [38] (JSD), and an aver-
age improvement of 0.8% compared to Reverse Kullback-
Leibler Divergence [11] (RKL).

Unlike existing LLM distillation methods that primarily
focus on the optimization of textual information, our dis-
tillation strategy incorporates the role of visual information
in multimodal understanding tasks. This approach enables
small-scale MLLMs to better align with the multimodal rep-
resentations of large-scale MLLMs, as well as improving
the ability to capture the relationships across visual tokens.
By refining the distillation process to emphasize visual to-
ken alignment, the s-MLLM generates more context-aware
predictions, leading to superior overall performance.
Comparison with the distillation pipeline in LLaVA-
MOD. LLaVA-MOD [32] introduces a combined distil-
lation pipeline of Mimic Distillation (MD) and Preference
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Distillation strategy Image Question Answering Benchmarks
Avg10VQAv2 GQA VizWiz SciQA TextVQA MME MMB MMBCN POPE MMMU

FKL 74.3 56.1 31.7 59.4 49.0 58.9 57.4 54.0 84.4 29.8 55.5
RKL [11] 74.3 56.6 26.7 60.8 49.1 57.8 56.8 53.7 84.7 30.0 55.0
JSD [38] 73.8 54.9 32.3 60.3 48.7 57.6 57.8 54.3 85.1 29.8 55.5

Ours 75.1 57.0 29.5 60.9 49.2 59.6 57.3 55.0 85.5 29.6 55.8

Table 5. Comparison with Distillation Strategies in LLMs.

Distillation Strategy Image Question Answering Benchmarks
Avg10VQAv2 GQA VisWiz SciQA TextVQA MME MMB MMBCN POPE MMMU

MD 76.3 58.5 31.6 58.4 51.7 60.6 59.6 55.8 86.2 30.2 56.9
MD+PD 74.4 57.1 22.7 58.4 47.7 58.4 58.8 54.5 86.6 32.1 55.1

Ours 77.0 59.6 35.9 60.6 49.9 64.5 60.1 55.5 85.9 30.2 57.9

Table 6. Comparison with distillation pipeline in LLaVA-MOD. MD and PD denote the Mimic Distillation and Preference Distillation.

LLM of the Teacher LLM of the Student Training Recipe Avg10

MLLaMA 2.7B / PT-SFT 55.2
/ MLLaMA 1.7B PT-SFT 48.8

MLLaMA 2.7B MLLaMA 1.7B DPT-SFT 50.5
MLLaMA 2.7B MLLaMA 1.7B DPT-SFT-DFT 53.4

Table 7. Verification on MobileVLM.
LLM of the Teacher LLM of the Student Training Recipe Avg10

Qwen1.5-4B / PT-SFT 65.0
Qwen1.5-7B / PT-SFT 65.7

/ Qwen2.5-0.5B PT-SFT 54.7
Qwen1.5-4B Qwen1.5-0.5B DPT-SFT-DFT 57.9
Qwen1.5-7B DPT-SFT-DFT 57.4
Qwen2.5-3B / PT-SFT 66.2
Qwen2.5-7B / PT-SFT 69.3

/ Qwen2.5-0.5B PT-SFT 56.5
Qwen2.5-3B Qwen2.5-0.5B DPT-SFT-DFT 58.9
Qwen2.5-7B DPT-SFT-DFT 58.3

Table 8. Ablation study on teacher models with different sizes.

Distillation (PD). MD enables the s-MLLM to emulate the
understanding of the l-MLLM. In contrast, PD enhances the
s-MLLM’s discriminative capacity by leveraging the pref-
erence signals from the l-MLLM. To compare with LLaVA-
MOD, we replace our DFT stage in the DPT-SFT-DFT
paradigm with MD and PD. As illustrated in Table 6, when
employing the MD, our method demonstrates an average
improvement of 1.0%. Moreover, integrating PD along-
side MD reduces overall performance to 55.1%, with our
method showing an advantage of 2.8%. This aligns with
LLaVA-MoD’s observation that PD primarily reduces the
hallucination of s-MLLM, but this also results in a decline
in the model’s comprehension capability.

Verification on another MLLM framework. We addi-
tionlly conduct experiments on the MobileVLM [6] frame-
work to evaluate the generalization of our training algo-
rithm, as illustrated in Table 7. The l-MLLM and s-
MLLM employ MobileLLaMA-2.7B and -1.7B respec-
tively, achieving 55.2% and 48.8% average performance
across ten benchmarks. Application of DPT-SFT to s-
MLLM yields 50.5% performance. The complete DPT-
SFT-DFT paradigm achieves 53.4%, achieving 4.6% im-
provement over conventional PT-SFT.

Impact of teacher models with different sizes. In Ta-
ble 8, we investigate the impact of teacher model size
on LLaVA-KD by employing different variants of LLMs
(Qwen1.5-4B/7B and Qwen2.5-3B/7B). The results demon-
strate that our LLaVA-KD with either teacher variant sig-
nificantly enhances the capabilities of s-MLLM compared
to the conventional PT-SFT paradigm. However, counter-
intuitively, larger teachers (Qwen1.5-7B and Qwen2.5-7B)
exhibit lower distillation effectiveness than the smaller ones

(Qwen1.5-4B and Qwen2.5-3B).
This finding aligns with recent knowledge distillation

studies [5, 44], which suggest that beyond a critical capa-
bility threshold, increasing teacher capacity yields dimin-
ishing returns for student performance. Specifically, ex-
cessive capability gaps between teachers and students cre-
ate an alignment bottleneck during distillation, limiting the
student model’s expressive capacity. This insight high-
lights the importance of optimizing teacher-student capacity
matching in MLLMs knowledge distillation, suggesting an
open issue for future research.

Futher Exploration. It should be noted that in our frame-
work, to ensure that the s-MLLM can effectively learn
from the l-MLLM, both l-MLLM and s-MLLM need to
employ the same series of LLMs to maintain consistency
in the vocabulary space. Future research could address
both architectural limitations and capacity mismatch simul-
taneously, potentially enabling integration of heterogeneous
MLLMs to leverage complementary knowledge sources.
This dual-axis improvement pathway may yield more pow-
erful teacher models while further enhancing s-MLLM per-
formance through optimized knowledge transfer.

5. Conclusion

This paper introduced LLaVA-KD, a framework that trans-
fers knowledge from l-MLLM to s-MLLM. This approach
effectively reduces model size and computational complex-
ity while enabling the s-MLLM to maintain the capabili-
ties. LLaVA-KD introduces a distillation strategy, including
MDist and RDist. MDist simultaneously transfer the visual-
textual cross-modal information, whereas RDist transfers
l-MLLM’s capacity to capture correlations among visual
representations. Additionally, we propose a simple yet ef-
fective three-stage training framework to fully exploit the
potential of distillation: DPT to promote the alignment be-
tween visual-textual representations in the s-MLLM, SFT
to equip model with multimodal understanding, and DFT to
further refine s-MLLM’s capacity. Comprehensive experi-
ments reveal the effectiveness of our framework.
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