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Abstract

Medical Large Vision-Language Models (Med-LVLMs) have
shown promising results in clinical applications, but often
suffer from hallucinated outputs due to misaligned visual
understanding. In this work, we identify two fundamental
limitations contributing to this issue: insufficient visual rep-
resentation learning and poor visual attention alignment. To
address these problems, we propose MEDALIGN, a simple,
lightweight alignment distillation framework that transfers vi-
sual alignment knowledge from a domain-specific Contrastive
Language-Image Pre-training (CLIP) model to Med-LVLMs.
MEDALIGN introduces two distillation losses: a spatial-aware
visual alignment loss based on visual token-level similarity
structures, and an attention-aware distillation loss that guides
attention toward diagnostically relevant regions. Extensive ex-
periments on medical report generation and medical visual
question answering (VQA) benchmarks show that MEDALIGN
consistently improves both performance and interpretability,
yielding more visually grounded outputs.

Code — https://github.com/Aofei-Chang/MedAlign

Introduction
Medical Large Vision-Language Models (Med-LVLMs),
such as LLaVA-Med-1.5 and HuatuoGPT-Vision, have shown
strong potential in clinical applications (Li et al. 2024; Chen
et al. 2024a,c; Thawakar et al. 2024; Moor et al. 2023). How-
ever, recent studies (Xia et al. 2024; Gu et al. 2024; Chen et al.
2024b; Chang et al. 2025a; Wang et al. 2024) have revealed
that these models often produce inaccurate or hallucinated re-
sponses that fail to faithfully reflect the input medical images.
To the best of our knowledge, no existing work has proposed
targeted methods to mitigate hallucinations specifically in
Med-LVLMs. Existing hallucination mitigation strategies
primarily focus on general-purpose LVLMs and follow two
main directions: (1) enhancing visual grounding and reducing
over-reliance on textual input through contrastive decoding
– applied at either the attention or input level (Leng et al.
2024; Favero et al. 2024; Liu, Zheng, and Chen 2025; Tu
et al. 2025; Chen et al. 2025); and (2) correcting attention
biases, such as the overemphasis on background elements
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or “register” tokens among visual inputs (Darcet et al. 2024;
Woo et al. 2024; Gong et al. 2024). While these techniques
may alleviate hallucinations, they do not explicitly improve
the distribution of visual attention or ensure that the model
focuses on clinically relevant regions. More critically, they
overlook a key contributor to hallucination in Med-LVLMs:
the quality of the learned visual representations.
Preliminary Analysis. To address these limitations, we con-
duct a preliminary analysis to investigate two fundamental
factors driving hallucinations in Med-LVLMs: (1) the quality
of the visual representations learned by the model, and (2)
the alignment of visual attention during generation.

(1) Insufficient Visual Representation Learning. Unlike
images in the general domain that contain diverse objects,
medical images often feature recurring anatomical structures,
such as the lungs, heart, and ribs in chest X-rays. Ideally,
a well-trained Med-LVLM should learn similar representa-
tions for the same organ across different images. To evalu-
ate the quality of visual representation learning in existing
Med-LVLMs, we adopt LLaVA-Med-1.5 as a representative
model. We randomly sample 100 abdominal CT scans from
the SLAKE (Liu et al. 2021) dataset, which includes Region-
of-Interest (RoI) annotations for image patches. For analysis,
we extract the visual token representations from various lay-
ers of the Transformer-based large language model (LLM)
used in LLaVA-Med-1.5 and visualize five key entities us-
ing t-SNE. The results, shown in Figure 1 (a), illustrate how
visual representations evolve across layers. We can observe
that LLaVA-Med-1.5 fails to clearly distinguish key entities
in medical images, resulting in entangled and dispersed
visual representations. For example, the representations of
“liver cancer” are heavily mixed with those of “liver” and
other nearby organs. These results suggest that current Med-
LVLMs exhibit insufficient visual representation learning,
particularly for clinically critical concepts, which may po-
tentially leads to poor visual reasoning and increased risk of
hallucinations.

(2) Visual Attention Misalignment. A well-trained Med-
LVLM should understand both the input image and the cor-
responding text prompt and assign higher attention weights
to image regions relevant to the medical concepts mentioned
in the prompt. However, as previously discussed, the issue
of insufficient visual representation learning in Med-LVLMs
leads to a secondary problem in the LLM component: visual
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Figure 1: A t-SNE visualization of visual features derived from sampled abdominal CT scans using LLaVA-Med-1.5 and
UniMed-CLIP.
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Prompt: Does 
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Ground Truth:

Yes

(a) Input prompt and image

Generation: The ct scan does not show any  signs of liver cancer.

(b) LLaVA-Med-1.5 (c) UniMed-CLIP

Figure 2: Attention visualizations from LLaVA-Med-1.5 and UniMed-CLIP on an abdominal CT scan. The red box (not part of
the input) highlights the liver cancer region.

attention misalignment. As illustrated in Figure 2 (b), we
analyze a specific prompt, “Does the image show any signs
of liver cancer”, by visualizing the average visual attention
weights across H attention heads in the l-th layer. The vi-
sualization reveals that the high attention weights are not
aligned with the relevant region (highlighted by the red box
in the input image), leading the model to generate a halluci-
nated response, “The ct scan does not show any signs of liver
cancer.”, despite the ground truth being “Yes”.
Motivations of Incorporating Domain-specific Guidance.
We hypothesize that the general CLIP-based image encoder
used in Med-LVLMs is a primary contributor to both insuffi-
cient visual representation learning and visual attention mis-
alignment. Leveraging a more domain-adapted CLIP-based
model, such as UniMed-CLIP (Khattak et al. 2024), which
is trained on large-scale medical image–text data, could sig-
nificantly enhance Med-LVLM performance. To explore this,
we use UniMed-CLIP (large) as an example, which takes
an image–text pair (I, P ) as input. The output of the im-
age encoder consists of a concatenation of the [cls] repre-
sentation E[cls] ∈ Rb and patch-wise visual representations
Ev ∈ RM×b, where M denotes the number of image patches
and b is the hidden dimension.

As shown in Figure 1 (b), the visual features Ev extracted
from the final layer of UniMed-CLIP exhibit improved se-
mantic separation across medical concepts, suggesting more
structured and discriminative visual representations. In addi-
tion, we extract the attention map Ea ∈ RM , representing
attention weights between the [cls] token and the M image
patches from the last layer of the visual encoder. The visu-

alization in Figure 2 (c) shows that UniMed-CLIP achieves
stronger visual grounding by attending more precisely to di-
agnostically relevant regions. Together, these observations
indicate that UniMed-CLIP provides more better representa-
tions and attention distributions than LLaVA-Med-1.5.

Given these findings, a straightforward strategy to enhance
Med-LVLMs is to replace the original CLIP encoder with a
domain-specific expert encoder like UniMed-CLIP. However,
this requires re-training the visual projection layer and adapt-
ing the entire Med-LVLM to the new feature space using
large-scale data, which is computationally intensive. This
limitation motivates the design of a lightweight, non-invasive
approach to transfer alignment knowledge from expert CLIP
models without fully replacing the original visual encoder.
Our Approach. We propose MEDALIGN, a novel alignment
distillation framework designed to enhance Med-LVLMs by
transferring both visual representations and attention patterns
from a domain-specific expert CLIP model. As illustrated
in Figure 3, given an input image–prompt pair, we extract
two alignment signals from the expert CLIP: (1) visual rep-
resentations and (2) visual attention maps. These signals are
then distilled into intermediate layers of the Med-LVLM to
improve its alignment with clinically relevant content. To en-
able lightweight and non-invasive integration, we introduce
two core components. First, a spatial-aware visual align-
ment loss captures the pairwise similarity structure among
image patches - reflected in the expert CLIP’s visual features
- and transfers it to the Med-LVLM’s internal representations.
Second, an attention-aware distillation loss aligns the Med-
LVLM’s attention distributions with those derived from the
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expert model. MEDALIGN does not require retraining or mod-
ifying visual encoders and provides a plug-and-play solution
that integrates seamlessly into existing Med-LVLMs.
Contributions. In summary, our work makes the following
contributions: (1) We conduct a detailed analysis of current
Med-LVLMs and identify two key but underexplored sources
of misalignment: misaligned visual representations and mis-
aligned attention distributions. (2) We introduce MEDALIGN,
a novel alignment distillation framework that transfers align-
ment knowledge from expert CLIP models to Med-LVLMs
without requiring model retraining or fine-grained supervi-
sion. The framework features two lightweight loss functions:
spatial-aware visual alignment and attention-aware distilla-
tion, for effective and interpretable knowledge transfer. (3)
We validate MEDALIGN through extensive experiments on
two report generation benchmarks and five medical VQA
datasets, demonstrating consistent improvements over strong
baselines in both task performance and visual interpretabil-
ity. Our approach leads to better visual grounding and more
clinically faithful outputs.

Related Work
While prior efforts such as A3Tune (Chang et al. 2025b)
and CoMT (Jiang et al. 2024) reduce hallucinations in
Med-LVLMs, most focus on surface-level attention adjust-
ments and overlook the core issue of multimodal misalign-
ment. Since Med-LVLMs inherit architectures from general
LVLMs, they exhibit similar hallucination behaviors, making
several inference-time techniques transferable to the medical
domain—such as improving visual grounding (Leng et al.
2024; Favero et al. 2024; Liu, Zheng, and Chen 2025; Yuan
et al. 2024; Liang et al. 2024; Chen et al. 2025; Tu et al.
2025), correcting visual attention biases (Woo et al. 2024;
Gong et al. 2024), and refining decoding (Huang et al. 2024;
Chuang et al. 2024). However, resolving modality misalign-
ment in Med-LVLMs remains largely unsolved.

The Proposed MEDALIGN
Overview
Based on the preliminary observations presented in the in-
troduction, we propose a novel, lightweight, and straight-
forward distillation-based framework, named MEDALIGN,
aimed at improving visual-text alignment in Med-LVLMs.
MEDALIGN achieves this by transferring fine-grained align-
ment knowledge from a domain-specialized expert CLIP
model to the target Med-LVLM. Specifically, two forms of
knowledge extracted from the last layer of the expert CLIP
image encoder are used to guide the learning process: the
visual representations Ev ∈ RM×b and the visual attention
vector Ea ∈ RM .

An overview of MEDALIGN is illustrated in Figure 3. Med-
LVLMs take paired inputs of an image and a text prompt,
denoted as (I, P ), similar to general LVLMs (Liu et al. 2024).
The medical image I is typically divided into N patches and
encoded by a CLIP-based image encoder and a visual projec-
tion layer, producing visual embeddings Xv ∈ RN×d, where
d is the token dimension used by the large language model
(LLM). Meanwhile, the text prompt P is processed through

a text embedding layer, yielding Xp ∈ RT×d, where T is
the number of text tokens. The model then concatenates Xv

and Xp and feeds the combined sequence into the L-layer
Transformer-based LLM to generate the output. To address
the issue of dispersed visual representations, we introduce a
spatial-aware visual alignment distillation loss that trans-
fers the relative similarity structure among image patches
from the expert CLIP model to the Med-LVLM, using Ev.
To further align the attention distribution, we leverage Ea

from the expert model to guide the visual attention learning
in the Med-LVLM through an attention-aware distillation
loss. Importantly, both forms of alignment supervision are
applied only at a designated layer l within the Med-LVLM.
Specifically, visual representation distillation is applied to
the input of layer l, intervening at the output visual repre-
sentations of layer l − 1. This design enables a lightweight
and non-invasive distillation process, avoiding full encoder
replacement or costly end-to-end retraining.

Spatial-aware Visual Alignment via Ev

A straightforward approach to aligning the visual representa-
tions from layer l−1 of the Med-LVLM (i.e., Xl−1

v ∈ RN×d)
with those from the expert model (i.e., Ev ∈ RM×b) is to
minimize the distance between them. However, this is im-
practical due to the mismatch in dimensionality between the
two matrices. Moreover, even if the dimensions were aligned,
directly forcing the representations to match could adversely
affect the LLM generation, leading to degraded performance.

Representation Rotation. To address these challenges, we
introduce a trainable rotation matrix W ∈ Rd×d to adap-
tively adjust the Med-LVLM visual representations. The
transformed representation is computed as:

X̃l−1
v = (I+W)Xl−1

v , (1)

where I ∈ Rd×d is the identity matrix. This formulation
allows for a lightweight and smooth transformation, gen-
tly steering Xl−1

v without drastic changes to the original
representation space. The goal of this rotation is to bring
visually similar concepts closer in the feature space, thus mit-
igating the representation dispersion issue. As demonstrated
in Figure 1 (a), the visual representations suffer from poor
semantic structure. Inspired by techniques such as word em-
bedding steering in LLMs (Han et al. 2024), which apply
targeted modifications through small perturbations, our learn-
able matrix W serves as a controlled adjustment mechanism
to enhance visual coherence in a minimally invasive manner.

Spatial-aware Visual Alignment. After obtaining the ro-
tated visual representations X̃l−1

v ∈ RN×d, we still face
a dimensional mismatch with the expert visual features
Ev ∈ RM×b. To resolve this, we first apply an interpola-
tion function to adjust Ev such that it matches the number of
patches of X̃l−1

v :

Ẽv = interpolate(Ev, (N, b)). (2)

However, directly minimizing the distance between X̃l−1
v and

Ẽv ∈ RN×b may still negatively affect LLM performance
due to rigid alignment. Instead, we propose leveraging the
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Figure 3: The overview of the proposed MEDALIGN that uses an expert CLIP model as a reference to guide the fine-tuning of
Med-LVLMs via a spatial-aware visual alignment loss and an attention-aware distillation loss.

pairwise similarity structure among patch representations
as a softer, more semantically meaningful alignment signal.
Intuitively, patches depicting the same organ should have sim-
ilar visual embeddings, resulting in higher similarity scores,
while unrelated patches should be dissimilar.

To capture these structural relationships, we compute pair-
wise cosine similarity matrices for both the expert features
Ẽv and the rotated Med-LVLM features X̃l−1

v :

Se
i,j = cos(Ẽv[i], Ẽv[j]), and Sx

i,j = cos(X̃l−1
v [i], X̃l−1

v [j]).
(3)

The spatial-aware visual alignment distillation loss is then
defined as the mean squared error between the two similarity
matrices:

Lvis =
1

N2

N∑
i=1

N∑
j=1

(
Se
i,j − Sx

i,j

)2
. (4)

This loss encourages the model to capture the same structural
similarity patterns among image patches as the expert model,
promoting semantically coherent and spatially aware visual
representations without enforcing direct value matching.

Attention-aware Alignment via Ea

In addition to refining visual representations, Med-LVLMs
also suffer from visual attention misalignment, where atten-
tion weights fail to properly focus on diagnostically relevant
regions. In each Transformer layer l of a Med-LVLM, H
attention heads are used, and each head h produces a visual
attention vector Ml

a,h ∈ RN , where N is the number of
image patches. The average visual attention across all heads
at layer l is computed as M̃l

a = 1
H

∑H
h=1 M

l
a,h.

However, aligning this attention distribution with the ex-
pert attention vector Ea ∈ RM is not straightforward due to a
mismatch in patch numbers (i.e., M may not be equal to N ).
To address this, we apply interpolation to resize Ea to match
the Med-LVLM patch resolution, yielding an interpolated
expert attention vector Ẽa ∈ RN .

To guide attention learning, we treat Ẽa as the teacher
and M̃l

a as the student. We then define the attention-aware

alignment loss using the Kullback–Leibler (KL) divergence:

Latt = KL(Ẽa||M̃l
a), (5)

where both distributions are normalized using softmax. This
loss encourages the Med-LVLM to mimic the expert model’s
attention focus, promoting more accurate grounding of vi-
sual information and improving the quality of generated re-
sponses.

Final Objective
We implement MEDALIGN using parameter-efficient fine-
tuning based on LoRA (Hu et al. 2022), applied to all linear
layers in the LLM of the Med-LVLM. During fine-tuning, we
jointly optimize the proposed alignment losses alongside the
standard language modeling objective LLLM, defined as:

LLLM = −
T∑

t=1

log pt(yt | Xv,Xp, y<t; Θ,Φ), (6)

where Θ denotes the frozen parameters of the base LLM, and
Φ denotes the trainable parameters introduced by LoRA and
our designed alignment modules. The final training target is:

L = LLLM + αLvis + βLatt, (7)

where α and β are hyperparameters that balance alignment
distillation with the language modeling loss LLLM.

Experiments
Experimental Setups
Med-LVLMs and Expert CLIPs. We evaluate our method
on two representative Med-LVLMs: LLaVA-Med-1.5 and
HuatuoGPT-Vision-7B, with Beam search as the default de-
coding strategy. In our main experiments, we use UniMed-
CLIP (ViT-L/14, 336px) as the expert CLIP model. To further
examine the impact of expert model selection, we also in-
vestigate additional configurations including UniMed-CLIP
(ViT-B/16, 224px) and BiomedCLIP (Zhang et al. 2023).

Evaluation Tasks and Datasets. We evaluate our method
on two core tasks in medical applications of Med-LVLMs:
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Dataset Metric Method
Greedy Beam Nucleus VCD DoLa OPERA AVISC M3ID DAMRO PAI MEDALIGN

IU-Xray

BLEU 9.34 10.21 8.19 9.10 9.03 10.01 7.47 8.35 9.10 6.92 10.73
ROUGE-L 28.17 28.64 26.28 27.80 27.50 28.57 24.78 27.05 27.80 24.36 29.10
METEOR 31.76 34.23 30.72 32.13 31.24 34.10 30.88 32.17 32.13 30.84 36.30
BERTScore 88.53 88.60 88.19 88.36 88.39 88.51 87.77 88.19 88.36 87.44 88.67
CheXbert 55.16 55.84 53.86 54.34 53.89 55.01 52.11 53.78 54.34 50.09 56.27
RadGraph 21.86 22.47 20.17 21.65 21.04 22.59 19.71 21.19 21.65 18.26 23.51
RaTEScore 58.66 59.78 58.29 58.29 57.84 59.33 56.49 57.86 58.29 55.16 60.49

MIMIC-
CXR

BLEU 4.22 4.16 3.61 3.73 3.98 4.04 3.55 3.74 3.73 3.87 4.76
ROUGE-L 18.11 18.26 16.93 17.25 17.37 18.03 16.15 17.08 17.25 16.92 19.32
METEOR 20.54 19.79 19.56 20.20 20.90 19.80 19.71 20.74 20.20 20.86 22.02
BERTScore 85.79 85.84 85.35 85.53 85.47 85.73 84.70 85.25 85.53 84.59 86.02
CheXbert 27.49 27.56 26.72 25.80 26.33 28.15 25.84 26.91 25.80 26.80 29.53
RadGraph 11.75 10.85 9.96 10.69 11.39 10.60 10.09 10.67 10.69 10.57 12.82
RaTEScore 43.39 42.38 41.66 42.54 42.71 41.93 42.07 42.37 42.54 42.48 44.96

Table 1: Report generation results of HuatuoGPT-Vision-7B fine-tuned with LoRA. Best results are highlighted in bold.

Dataset Metric Method
Greedy Beam Nucleus VCD DoLa OPERA AVISC M3ID DAMRO PAI MEDALIGN

IU-Xray

BLEU 9.36 9.54 7.80 8.83 8.93 9.23 5.57 8.44 8.21 8.52 10.31
ROUGE-L 27.57 28.41 26.72 27.36 26.94 27.48 21.71 26.21 25.77 26.97 29.01
METEOR 27.91 35.40 30.33 31.77 25.74 34.17 26.84 30.86 30.58 28.63 35.22
BERTScore 88.55 88.45 88.28 88.30 88.42 88.17 87.34 88.20 88.09 88.42 88.66
CheXbert 52.44 53.70 52.73 51.86 52.27 51.65 47.32 51.13 50.10 52.22 55.62
RadGraph 21.28 22.43 20.85 22.02 20.63 21.37 16.87 20.77 22.33 20.99 23.29
RaTEScore 58.61 59.65 57.84 58.93 58.10 57.89 53.66 59.37 57.31 58.21 59.99

MIMIC-
CXR

BLEU 3.50 3.66 3.48 3.74 3.48 3.56 3.31 3.14 3.42 3.63 4.51
ROUGE-L 16.49 16.85 16.35 16.88 16.45 16.77 16.36 16.13 16.63 16.65 18.43
METEOR 18.71 20.68 18.93 19.03 18.66 20.10 18.64 18.52 18.87 18.61 20.80
BERTScore 85.54 85.51 85.50 85.56 85.54 85.46 85.48 85.39 85.48 85.60 86.00
CheXbert 23.43 25.00 22.21 22.98 23.34 24.31 23.31 22.42 23.30 24.51 25.67
RadGraph 9.63 9.91 9.27 9.56 9.52 9.81 9.02 9.15 9.46 9.60 10.92
RaTEScore 40.49 41.46 40.08 40.93 40.49 41.33 40.36 39.74 40.80 40.49 42.03

Table 2: Performance on report generation benchmarks using LLaVA-Med-1.5 fine-tuned with LoRA.

medical report generation and medical visual question an-
swering (VQA). For the report generation task, we use
MIMIC-CXR (Johnson et al. 2019) and IU-Xray (Demner-
Fushman et al. 2016). For the VQA task, we adopt a diverse
set of benchmark datasets, including SLAKE (Liu et al. 2021),
VQA-RAD (Lau et al. 2018), PathVQA (He et al. 2020), IU-
Xray, and OmniMedVQA (Hu et al. 2024).

Baselines. We compare against popular hallucination miti-
gation methods, including decoding strategies and contrastive
decoding techniques. The decoding baselines include Greedy
decoding, Nucleus sampling, and Beam search. For con-
trastive decoding methods, we evaluate against recent tech-
niques including VCD (Leng et al. 2024), OPERA (Huang
et al. 2024), DoLa (Chuang et al. 2024), AVISC (Woo et al.
2024), M3ID (Favero et al. 2024), DAMRO (Gong et al.
2024) and PAI (Liu, Zheng, and Chen 2025).

Metrics. For the medical report generation task, we adopt
standard text generation metrics, including BLEU (Papineni
et al. 2002), ROUGE-L (Lin 2004), METEOR (Banerjee and
Lavie 2005), and BERTScore (Zhang et al. 2020). Addition-

ally, we include domain-specific evaluation metrics tailored
to medical report generation: CheXbert (Smit et al. 2020),
RadGraph (Jain et al. 2021), and RaTEScore (Zhao et al.
2024). For the medical VQA task, we follow the evaluation of
LLaVA-Med (Li et al. 2024), reporting Accuracy for close-
ended VQA and Recall for open-ended VQA.

Medical Report Generation Results
Table 1 and Table 2 present the evaluation of MEDALIGN
on medical report generation using HuatuoGPT-Vision-7B
and LLaVA-Med-1.5, respectively. We report both traditional
generation metrics (e.g., BLEU, ROUGE-L) and domain-
specific metrics such as RaTEScore. All baselines are ap-
plied to LoRA-tuned models, as the original Med-LVLMs
perform poorly on report generation tasks. It is shown that
MEDALIGN outperforms all baselines across both models
and most evaluation metrics. Notably, with HuatuoGPT-
Vision-7B, MEDALIGN achieves the best scores on all met-
rics, including substantial improvements in report-specific
metrics, demonstrating stronger generation quality.
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Med-LVLM Method SLAKE VQA-RAD PathVQA IU-Xray OmniMedVQA
Open Close Open Close Open Close Close Close

H
ua

tu
oG

PT
-V

is
io

n
+

L
oR

A

Greedy 85.57 90.14 41.37 76.77 37.08 93.31 85.33 91.33
Beam 86.03 90.14 43.75 76.77 37.16 93.16 85.33 91.33
Nucleus 84.75 90.42 38.98 77.56 34.03 93.45 85.59 90.50
VCD 84.73 89.58 40.81 77.95 34.97 93.01 85.08 90.50
DoLa 85.30 89.86 42.08 77.95 35.92 91.71 85.71 91.33
OPERA 86.01 90.14 43.57 76.77 37.40 93.16 85.20 91.37
AVISC 84.16 91.27 38.97 78.35 35.48 93.34 85.33 90.76
M3ID 85.00 89.86 41.79 77.95 35.93 93.39 85.33 91.52
DAMRO 84.73 89.58 40.81 77.95 34.97 93.01 85.08 90.50
PAI 84.40 90.14 41.83 77.17 35.87 92.95 85.71 90.99
MEDALIGN 86.85 92.39 43.75 78.74 38.49 93.63 86.22 93.60

L
L

aV
A

-M
ed

-1
.5

+
L

oR
A

Greedy 82.97 88.45 36.70 74.41 37.98 93.22 84.69 91.03
Beam 83.27 88.45 36.95 74.41 38.32 92.98 84.82 90.99
Nucleus 82.75 86.76 36.58 73.62 35.13 92.95 85.20 90.69
VCD 82.89 86.76 35.12 73.62 35.76 92.92 85.59 90.69
DoLa 82.97 88.45 36.70 74.41 37.95 93.22 84.69 91.03
OPERA 83.07 88.45 36.91 74.80 38.64 93.28 84.69 91.03
AVISC 83.26 87.32 36.58 74.41 36.52 93.34 84.82 91.14
M3ID 83.20 87.04 35.90 74.02 35.53 92.63 84.44 90.69
DAMRO 82.89 86.76 35.12 73.62 35.76 92.92 85.59 90.69
PAI 83.50 89.01 34.54 74.41 37.46 93.24 84.69 90.92
MEDALIGN 84.85 89.01 39.62 74.80 38.65 93.51 85.84 93.38

Table 3: Performance comparison on medical VQA benchmarks using HuatuoGPT-Vision-7B and LLaVA-Med-1.5. “Open”
denotes open-ended answers; “Close” refers to close-ended (e.g., yes/no or multiple-choice) responses.

Medical VQA Results
Table 3 reports results on five medical VQA bench-
marks using HuatuoGPT-Vision-7B and LLaVA-Med-1.5.
MEDALIGN consistently surpasses all baselines on both open-
and close-ended questions, demonstrating strong and stable
alignment across datasets. Although some methods excel
in isolated cases (e.g., PAI and AVISC on SLAKE close-
ended), their performance varies widely, revealing limited
generalization. In contrast, MEDALIGN maintains balanced
gains and shows particularly notable improvements on open-
ended tasks—for example, on LLaVA-Med-1.5, +1.58 on
SLAKE and +2.67 on VQA-RAD over the strongest base-
lines. This trend echoes its strong report-generation results,
indicating that open-ended generation is especially sensitive
to alignment quality and highlighting the effectiveness of our
alignment distillation.

Model Design Analysis
Given that open-ended tasks better reflect the model’s ability
to interpret and describe medical images and are more sensi-
tive to alignment quality, we focus our analysis primarily on
the SLAKE open-ended subset.

Ablation Study on Distillation Design. Our proposed dis-
tillation framework employs two alignment loss terms, Lvis
and Latt, as defined in Eq. (7). To evaluate the individual con-
tributions of each component, we conduct an ablation study
by selectively removing each loss term. Specifically, we de-
note the variants as MEDALIGN−att (removing Lvis) and
MEDALIGN−vis (removing Latt). We also include a baseline
using LoRA-based fine-tuning with Beam search, denoted as
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Figure 4: Ablation study on distillation design. (A) Impact of
removing loss designs. (B) Performance when directly using
UniMed-CLIP features without distillation (“w/o Distill”).

LoRA-FT. As shown in Figure 4 (A), both loss terms individ-
ually improve performance over LoRA-FT, while combining
them yields the best results, confirming their complementary
benefits. In Figure 4 (B), directly using UniMed-CLIP fea-
tures without distillation leads to performance degradation,
likely due to feature mismatch. These results show the effec-
tiveness of our distillation design in enhancing Med-LVLM
performance without directly perturbing the feature space.

Qualitative Analysis. To evaluate the effectiveness of our
loss design, we examine changes in visual representations and
attention after alignment distillation. For visual representa-
tions, we visualize t-SNE projections of features from layers
1–30 (Figure 5). Because alignment is applied at layer 20, fea-
ture separability improves noticeably from that layer onward,
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Figure 5: A t-SNE visualization of visual features from multiple layers of LLaVA-Med-1.5 after applying MEDALIGN.

(b) LLaVA-Med-1.5

Prompt: What disease is 
shown on the image?
Ground Truth: Brain Edema.

(a) Input image and label

Answer: The image shows 
a case of Creutzfeldt-Jakob 
disease (CJD), …

Answer: Brain Edema, 
Brain Tumor

(c) LLaVA-Med-1.5
+ LoRA-FT

Answer: Brain Edema

(d) LLaVA-Med-1.5
+ MEDALIGN

Figure 6: Comparison of overall attention distributions on the visual input averaged across all layers on a Brain MRI VQA
example from SLAKE. Red text indicates hallucinated answers.
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Figure 7: (A) Comparison of expert CLIP models. (B) Results
of layer selection.

with enhancements even in earlier layers (e.g., layer 10), in-
dicating backward propagation of alignment benefits. For vi-
sual attention, we visualize average attention on a Brain MRI
VQA example (Figure 6). Models trained with MEDALIGN
produce more accurate answers and concentrate attention on
clinically relevant regions, confirming the effectiveness of
our attention alignment.

Expert CLIP Model Selection
We use UniMed-CLIP (ViT-L/14, 336px), denoted UniMed-
L, as our default expert. To assess expert choice and dis-
tillation generalizability, we also test UniMed-CLIP (ViT-
B/16), UniMed-B, and BiomedCLIP (ViT-B/16), Biomed.
Both UniMed-B and Biomed produce only 196 visual to-
kens—significantly fewer than the 576 used in LLaVA-Med-
1.5 and HuatuoGPT-Vision-7B. To ensure compatibility, we
apply interpolation on both the image representations and

attention maps.
As shown in Figure 7 (A), all expert CLIP models outper-

form LoRA-FT and prior baselines (Table 3), with UniMed-L
achieving the highest gains due to its finer token granularity.
In contrast, UniMed-B and Biomed offer weaker supervision.
These results demonstrate the flexibility of our framework
and the value of strong visual alignment priors.

Distillation Layer Selection
In our experiments, we set the distillation layer to l = 20.
To investigate the effect of layer selection, we varied the
position of alignment. As shown in Figure 7 (B), applying
MEDALIGN at early layers leads to performance degrada-
tion, likely due to disruption of low-level representations.
Performance peaks in the middle layers, precisely where fine-
grained multimodal interactions are known to occur (Jiang
et al. 2025; Neo et al. 2024). Applying the alignment losses
at later layers also results in a drop in performance, likely
due to limited representational flexibility in these stages.

Conclusion
In this work, we present MEDALIGN, a lightweight alignment
distillation framework that enhances Med-LVLMs by trans-
ferring visual representation and attention alignment knowl-
edge from expert medical CLIP models. Through designed
distillation objectives, MEDALIGN improves visual ground-
ing and output fidelity without requiring fine-grained anno-
tations. Experiments on multiple benchmarks demonstrate
consistent gains in both performance and interpretability, of-
fering a practical path toward more reliable Med-LVLMs.
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