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Abstract

Medical large Vision-Language Models (Med-
LVLMs) have shown strong potential in mul-
timodal clinical applications such as medical
visual question answering and report genera-
tion. However, Med-LVLMs remain challenged
by hallucinations caused by modality misalign-
ment, where models prioritize textual knowl-
edge over visual evidence and generate out-
puts that conflict with medical images. To mit-
igate this issue, recent studies have explored
preference optimization to improve image—text
alignment, achieving promising results. Despite
these advances, existing preference-based meth-
ods still face two limitations in medical set-
tings: (1) overfitting to superficial cues, and (2)
pseudo convergence of the preference signal.
In this paper, we propose Dynamic Evidence-
Guided Preference Optimization (DEPO), a
new framework that enables evidence-aware
and adaptive preference learning for Med-
LVLMs. DEPO introduces Multi-Modal Ev-
idence Perturbation (MEP) to suppress non-
causal textual and visual shortcuts, and Dispre-
ferred Evidence Resampling (DER) to continu-
ously update dispreferred responses as halluci-
nation patterns evolve. Experiments on multi-
ple medical VQA and report generation bench-
marks demonstrate consistent improvements
over existing methods, with strong robustness
across datasets and architectures.

1 Introduction

Building upon the success of Large Language Mod-
els (LLMs) (Vaswani et al., 2017; Devlin et al.,
2019; Brown et al., 2020; Achiam et al., 2023;
Guo et al., 2025; Qiu et al., 2025), Large Vision-
Language Models (LVLMs) extend language un-
derstanding to the visual modality (Radford et al.,
2021; Dosovitskiy, 2020; Alayrac et al., 2022; Liu
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et al., 2023; Zhang et al., 2024a) and have demon-
strated promising potential in medical tasks such as
report generation (Zhou et al., 2022; Jin et al., 2024;
Messina et al., 2024) and visual question answer-
ing (VQA) (Shaaban et al., 2025; Yan et al., 2025;
Hu et al., 2024). However, Med-LVLMs remain
challenged by hallucinations, where models tend
to generate descriptions that appear superficially
fluent but are factually incorrect or ungrounded
in the visual imagery (Li et al., 2023; Tian et al.,
2023). In such high-stakes medical environments,
these errors severely compromise the reliability and
widespread adoption of LVLM-powered systems.
To tackle this issue, recent studies have explored
preference optimization for improving alignment
between medical images and textual outputs (Yuan
et al., 2024; Zhu et al., 2024; Sun et al., 2024). Self-
Rewarding (Yuan et al., 2024) iteratively constructs
preference pairs, while STLLaVA-Med (Sun et al.,
2024) further employs GPT-based filtering to refine
preference selection for Med-LVLM fine-tuning.
MMedPO (Zhu et al., 2024) explicitly incorpo-
rates clinical relevance into preference construction
and applies Direct Preference Optimization (DPO)
(Rafailov et al., 2023), achieving promising results.
Despite these advances, existing preference-
based methods still face two challenges, as illus-
trated in Figure 1: (1) Overfitting to superficial
cues. Because preference optimization relies on
static preference data, models can be driven to at-
tend to shallow, non-causal patterns. Prior studies
have shown that preference-based training may as-
sign high preference to tokens that lack causal rele-
vance (Zhang et al., 2025; Liu et al., 2024; Huang
et al., 2024; Li et al., 2025), such as templated re-
port wording or habitual phrasing. Consequently,
the model tends to respond based on linguistic
statistics rather than clinically grounded visual evi-
dence. (2) Pseudo convergence of the reward sig-
nal. More critically, static preference datasets can-
not adapt to the evolving distribution of halluci-
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Figure 1: Motivation illustration. (a) An example of overfitting to superficial textual cues in preference-based
optimization, where the baseline (Li et al., 2023) assigns high preference to spurious linguistic patterns instead of
clinically relevant visual evidence, leading to incorrect predictions. (b) Pseudo convergence of the reward signal
under static preference supervision (Rafailov et al., 2023), where the reward appears to stabilize early despite the
persistence of hallucinations, indicating a lack of sustained and informative training signals.

nations during training. Although the model may
reduce the likelihood of previously dispreferred
responses, it can still generate new hallucinations
that remain unpenalized. As a result, the reward sig-
nal appears to converge, while fixed dispreference
feedback fails to provide sustained and informative
gradients, preventing the model from learning core
visual clinical cues.

In this paper, we introduce a new Dynamic
Evidence-guided Preference Optimization (DEPO)
framework for Med-LVLMs. To address the first
challenge, we introduce Multi-Modal Evidence
Perturbation (MEP) that jointly regularizes textual
and visual evidence. On the textual side, we ap-
ply sentence-level rephrasing and adaptive token-
level perturbations to weaken reliance on templated
phrasing and non-causal lexical patterns. On the vi-
sual side, we adopt curriculum-based visual pertur-
bations that progressively mask background short-
cuts and distort diagnostic regions, forcing the
model to ground predictions in robust medical im-
age evidence. To address the second challenge,
we propose Dispreferred Evidence Resampling
(DER), which updates dispreference signals after
each training epoch to track newly emerging hal-
lucination patterns. Instead of optimizing against
static dispreferred responses, DER continuously
replaces outdated dispreferred answers with harder
hallucinated samples, ensuring that preference sig-
nals remain informative throughout training.

Our contributions can be summarized as fol-
lows: (1) We propose Dynamic Evidence-guided
Preference Optimization (DEPO), a new multi-
modal preference optimization framework for Med-
LVLMs. (2) We propose two corresponding mech-
anisms in DEPO: Multi-Modal Evidence Perturba-
tion (MEP) to address overfitting to superficial cues,
and Dispreferred Evidence Resampling (DER) to
address pseudo convergence of the reward signal.

(3) Experiments including quantitative and qualita-
tive evaluations as well as cross-dataset and cross-
architecture studies, demonstrate the effectiveness
and generalizability of the proposed framework.

2 Methodology

In this section, we present Dynamic Evidence-
guided Preference Optimization (DEPO), a new
multi-modal preference optimization framework
designed to mitigate hallucinations in Med-LVLMs.
DEPO integrates multi-modal evidence perturba-
tion and dispreferred evidence resampling within a
unified DPO formulation, as shown in Figure 2.

2.1 Preliminaries

In Med-LVLMs, aligning generated clinical text
with visual evidence is critical to mitigate halluci-
nations (Zhu et al., 2024). Preference optimization
offers an alignment framework by learning from
pairwise response supervision (Bai et al., 2022).

Formally, given a medical image z; and a textual
query x¢, a Med-LVLM parameterized by 6 defines
a conditional distribution 7y(y | z) over textual
responses y, where = = (x;, x;). Preference super-
vision is constructed as pairs (v, y;) for the same
input, yielding a dataset D = {(z(*), yg),yl(i)) A
Direct Preference Optimization (DPO) (Rafailov
et al., 2023) aligns the model by encouraging
higher likelihood for preferred responses relative
to a fixed reference policy m.¢ obtained via super-
vised fine-tuning, which can be defined as follows:

Lppo (77-9; 7Tref) = _]E(xt,xi,yw,yl)N’D

7o (Yuw|Tt,24) o (yilze,Ti)

[lOg o (a log  leray) — 108 7 CyTera)

)l

ey
where « is a temperature parameter that controls
the strength of the preference signal.
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Figure 2: Overall framework of DEPO. DEPO comprises (1) Multi-Modal Evidence Perturbation (MEP) and (2)
Dispreferred Evidence Resampling (DER), which jointly strengthen medical evidence grounding.

2.2 Multi-Modal Evidence Perturbation

To address overfitting to superficial cues induced by
static preference data, we introduce Multi-Modal
Evidence Perturbation (MEP). MEP perturbs both
the textual query and the medical image during
preference optimization, thereby preventing the
model from relying on fixed surface patterns or
non-causal correlations and encouraging prefer-
ence learning to be grounded in clinically mean-
ingful visual evidence. Concretely, during training
we replace (z, z;) in Eq. (1) with perturbed inputs
(Z¢, Z;). In the following, we describe the construc-
tion of textual and visual perturbations.

Textual Evidence Perturbation. In preference
optimization, the textual query paired with each
medical image is typically fixed across training
iterations. When the model repeatedly observes the
same wording, it can latch onto superficial lexical
patterns and reduce its reliance on visual evidence,
which aggravates modality misalignment and leads
to fluent yet visually ungrounded outputs (Zhang
et al., 2025). To break this shortcut, MEP performs
a sentence-level semantic perturbation by sampling
alternative formulations of the same clinical intent.
Specifically, we construct a semantic-preserving
rephrasing set:

2V, glEy

Q(x) = LM K,) =

2
and randomly sample Z; ~ Q(x) as the training
query, so that the preference signal is observed

under diverse yet equivalent expressions.

Sentence variation alone is insufficient because
weakly grounded tokens can still act as spurious
cues. Let z; = {qj}f:1 be the query, F,(z;) =
{v, }M, denote visual token features and Fy(q;) =
t; denote the feature of token g;. We assign each
token ¢; an evidence-grounding score g; that mea-
sures how strongly it is supported by the image:
3)

max _ Cosine(vy, t;).

g; =
J re{l,...M

A larger g; indicates that token g; is better sup-
ported by some image evidence. We perturb the V;
least grounded tokens by selecting

Zgﬂ

jET

It == (4)

arg min
IC{1,...L}, |Z|=N;

For j € 7;, we replace g; with a mask token and
obtain the perturbed query ;.

To accommodate varying grounding strength
across queries, we adapt the perturbation budget us-
ing the uncertainty of low-evidence tokens. Mathe-
matically, let g(1) < --- < g(z) be the sorted scores
and consider the lowest- K tail. The tail dispersion
Ag and the budget V; can be calculated as follows:

Ag =Std({ga),---»90)}) »

Ny = clip({w . Ag1—|— EJ + 1, Numin, Nmax) .

(5)

where clip(+; Nmin, Nmax) bounds the masking

budget to a reasonable range for stability, and €
is a small constant to avoid numerical issues.
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In this way, perturbations are strengthened under
uncertain grounding, which encourages preference
learning to rely on visual evidence.

Visual Evidence Perturbation. To suppress the
shortcuts caused by medical images, MEP per-
turbs the image according to a query-conditioned
evidence map that highlights regions relevant to
the clinical question. We obtain a relevance map
A € [0, 1]7*W from a frozen medical localizer
(e.g., MedKLIP (Wu et al., 2023)) as follows:

A = MedKLIP(z;, Z;). (6)

Larger A, indicates higher relevance; using A,
we split the image into high/low-evidence regions

(e) (e)

at epoch e using thresholds Thigh and 7y as:

Rl(lié igh
(7
To prevent the model from adapting to a fixed
perturbation pattern, we progressively increase the
perturbation difficulty over training by linearly

scheduling the thresholds:

e 0 € E 0
T}Eig)h = 7'h(ig)h TE (T}Eiglz - Tkgig)h)’

3
(e) _ _(0) , €/ (E) (0)
Tiow = Tlow + E (7—10“’ - TIOW)'
The perturbed image :%l(e) is then defined as:
Blur(z;)(p), pe€ Rl(qie%)m
jge) (p) = { Mask(z;)(p), p€ Rl(sw’ ©)
z;(p), otherwise.

2.3 Dispreferred Evidence Resampling

To maintain informative dispreference feedback
throughout training, we further propose Dispre-
ferred Evidence Resampling (DER). DER dynam-
ically refreshes dispreferred answers and adjusts
sample weights as hallucination patterns evolve (Li
et al., 2025).

Concretely, for each training example, DER
maintains a dispreferred answer yl(e) and a sam-
ple weight s(©) at epoch e. After each epoch, DER
draws a new candidate dispreferred answer gjl(e)
from the current policy under the perturbed input

(‘%h j(e)

. ). Its evidence-grounded quality is eval-
uated by a frozen verifier V(fcl(-e),;it, y) € [0,1],
which can be formulated as:

g = V(x() Fe, y})) . (10)

v= 10 A 2k ), RS ={p| A, <o),

A high ¢(©) indicates that the current pair is already
well separated under the verifier, so continuing to
emphasize this example may lead to overfitting; ac-
cordingly, DER down-weights it. Conversely, when
¢'® is low, g}l(e) is likely a hallucinated response and
can serve as a hard negative.

To distinguish whether gjl(e) corresponds to a gen-
uinely new hallucination mode or a previously ob-
served one, DER measures its deviation from the
previous dispreferred answer:

A(e) — A(yl(e), gl(8)> ’ (11)
where A(-, ) can be instantiated as edit distance
or a sentence-level semantic distance. DER then
updates (yl(e), 5(9)) as:

W, s© 1), ¢ >1,
(s ) = L) s@), g© <7y A A > 7
W, s@ 1), ¢ <1y A A < 7p,

(12)
where 7, controls the verifier strictness and 7 con-
trols the novelty threshold.

2.4 Training Objective

Following the standard DPO formulation, DEPO
integrates MEP and DER within a unified objective.
Specifically, MEP perturbs the input pair (zy, x;)

into (&, 5356)), while DER dynamically updates
the dispreferred answer yl(e) and assigns a sample

weight s(¢) at epoch e. The final objective is:

7o (Yo | a":§€>, Ty)

L£i530(703 Tret) = ~E(z, 20901, {S@ logo <‘“"€ +(© =
Wref’(l/u' ‘ x; axt)
UE D )}

— alog - A
ﬂ'rc[(yl( ) ‘ iE ')w'L't)

(13)
where D, denotes the offline preference dataset.
During training, DEPO maintains an epoch-
dependent dispreferred response yl(e)
5(¢) for each input pair.

and weight

3 Experiment

3.1 Experimental Settings

Datasets. Building on previous works (Lin et al.,
2025; Chang et al., 2025), we evaluated our method
using two open medical VQA datasets and two
report generation datasets. (1) VQA-RAD (Lau
et al., 2018) is a radiology VQA dataset featur-
ing diverse, clinician-generated questions across 11
classes. (2) SLAKE (Liu et al., 2021) is a bilingual
radiology dataset with questions spanning various
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Medical VQA Report Generation
Methods SLAKE VQA-RAD MIMIC-CXR 1U-Xray
Open Closed | Open Closed | BLEU ROUGE-L METEOR | BLEU ROUGE-L METEOR
LLaVA-Med v1.5 4426  61.30 \ 2924 6397 | 1025 9.38 7.71 14.56 10.31 10.95
+Self-Rewarding 4263 6130 | 3329 6417 | 10.78 9.27 7.73 14.20 10.38 10.52
+DPO 4930 6202 | 2976 6470 | 11.19 9.45 7.80 16.08 12.95 17.13
+POVID 5243 7035 | 31.77 6507 | 1121 9.66 7.84 20.80 24.33 30.05
+SIMA 5177 69.10 | 31.23  64.80 | 11.16 9.58 7.49 17.11 22.87 29.10
+FiSAO 52.69 7046 | 3270 6411 | 11.32 9.68 7.62 21.06 25.72 30.82
+STLLaVA-Med 48.65 6175 | 30.17 6438 | 11.11 9.29 772 16.11 10.58 10.51
+MMedPO 5399  73.08 | 3636 6654 | 12.85 11.13 10.03 23.49 29.52 34.16
+DEPO (Ours) \ 66.687  78.121 | 38.21T 69.12F | 13.05 15.94f 14.49° 24.051 31.25% 35.491
+SFT 5045  65.62 | 3138 6426 | 12.39 10.21 8.75 22.75 28.86 33.66
+Self-Rewarding | 50.62 6589 | 32.69 6589 | 12.15 10.05 8.77 22.89 28.97 33.93
+DPO 5350  69.47 | 32.88 6433 | 12.37 10.38 9.10 23.07 29.97 34.89
+POVID 52.18  70.67 | 3295 6497 | 11.85 10.45 9.05 23.95 29.75 34.63
+SIMA 5175 6928 | 3250  64.08 | 12.44 10.25 9.02 23.90 29.41 34.45
+FiSAO 52.80  70.82 | 3294 6577 | 12.97 10.69 9.39 23.57 29.88 35.01
+STLLaVA-Med | 5272  66.69 | 33.72 6470 | 1221 10.12 8.98 22.79 28.98 34.05
+MMedPO 5523 7524 | 34.03 67.64 | 13.28 13.22 10.20 24.00 30.13 35.17
+DEPO (Ours) | 68247  80.537 | 39200 7096" | 1333  16.101 14420 | 24150 3133 35.591

Table 1: Result comparison on medical VQA and report generation tasks. Following Li et al. (2023), we report
accuracy for closed and Recall for open questions. “+SFT” indicates that the model is first fine-tuned via supervised
fine-tuning (SFT) before applying the corresponding baseline. The best results are highlighted in bold. “}” denotes
the improvements over the best baseline are statistically significant with p < 0.01 under t-test.

human body parts. For a fair comparison, we only
evaluated on its English subset. (3) MIMIC-CXR
(Johnson et al., 2019) is a large public dataset of
chest radiographs in DICOM format with free-text
radiology reports. (4) IU-XRay (Demner-Fushman
et al., 2015) is a dataset that contains chest X-ray
images with diagnostic reports. The dataset pre-
processing, preference construction, and sample
weights initialization follow Zhu et al. (2024).

Evaluation Metrics. For VQA, we evaluate per-
formance using accuracy and recall for closed-
ended and open-ended questions. For report gen-
eration, we adopt BLEU (Papineni et al., 2002),
ROUGE-L (Lin, 2004), and METEOR (Banerjee
and Lavie, 2005), following Zhu et al. (2024).

Baselines. Following previous works, we com-
pare our method with DPO (Rafailov et al., 2023)
and representative variants. Self-Rewarding (Yuan
et al., 2024) constructs preference pairs by itself,
whereas STLLaVA-Med (Sun et al., 2024) lever-
ages GPT to further filter and refine preference se-
lection for Med-LVLM fine-tuning. MMedPO (Zhu
et al., 2024) considers the clinical relevance of pref-
erence samples to enhance base model. In addi-
tion, we include three preference-based VLM fine-

tuning approaches developed for natural images,
namely POVID (Zhou et al., 2024), FiSAO (Cui
et al., 2024), and SIMA (Wang et al., 2025b).
Implementation Details. We adopt LLaVA-Med
v1.5 7B (Li et al., 2023) as our base model. Prefer-
ence optimization is performed via LoORA (Hu et al.,
2022) with batch size 4, learning rate 5 X 1077, for
5 epochs. To curate preference pairs, GPT-4o is
used to generate rephrasing. We also utilize atten-
tion maps of MedKLIP (Wu et al., 2023) as prior
knowledge to guide textual and visual tokens per-
turbation. All results are obtained by averaging the
scores over five runs with different random seeds.

3.2 Main Results

As shown in Table 1, we compare the proposed
DEPO with the original LLaVA-Med v1.5 and a
suite of preference-optimization baselines on both
medical VQA and report generation. To provide a
complete picture, we report results under two train-
ing regimes: (i) applying each method directly on
LLaVA-Med v1.5, and (i1) applying each method
on an SFT-initialized LLaVA-Med v1.5.

For Medical VQA, DEPO achieves the best per-
formance in both regimes. Without SFT, DEPO
surpasses the strongest baseline (+MMedPO) by an
average of 14.30% on open questions (Recall; aver-
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Medical VQA Report Generation
Methods SLAKE VQA-RAD MIMIC-CXR TU-Xray
Open Closed Open Closed BLEU ROUGE-L METEOR | BLEU ROUGE-L METEOR

w/o TEP 68.01 78.37 36.00 69.12 12.67 14.36 13.00 23.29 29.31 35.01

(1023)  (J2.16) | (13.20) (}1.84) | (10.66)  (11.74) (1142) | (10.86)  (12.02) (10.58)
w/o Sentence-level Semantic Perturbation 68.05 78.35 38.21 69.53 13.31 14.66 13.06 23.48 29.09 35.26

(10.19) (J2.18) | (10.99) (11.43) | (10.02) (}1.44) (}1.36) (10.67) (12.24) (10.33)
w/o Adaptive Token-level Perturbation 67.96 79.23 37.63 69.50 12.92 15.04 13.08 23.48 29.61 35.02

(1028)  (11.30) | (11.57)  (L146) | (10.41)  (11.06) (134 | 067 (172 10.57)
w/o VEP 66.60 79.57 38.41 68.38 13.24 12.27 11.91 23.63 30.33 35.25

(11.64)  (10.96) | (10.79) (12.58) | (10.09)  (13.83) (251 | (1052)  (11.00) (10.34)
w/o DER 66.56 78.61 38.16 66.54 12.40 15.08 13.97 23.35 29.63 34.89

(11.68) (11.92) | (J1.04) (442) | (J0.93) (}1.02) (10.45) (10.80) (}1.70) (10.70)
Remove All 53.50 69.47 32.88 64.33 12.37 10.38 9.10 23.07 29.97 34.89

(114.74)  (111.06) | (16.32) (16.63) | (10.96) (15.72) (15.32) (11.08) (}1.36) (10.70)
Full model | 6824 8053 | 3920 7096 | 13.33 16.10 1442 | 2415 3133 35.59

Table 2: Ablation study under the SFT setting. | are reported as Full — Ablation, and *w/o’ is short for *without’.

aged over SLAKE and VQA-RAD) and 5.39% on
closed questions (Accuracy). With SFT initializa-
tion, DEPO further improves, outperforming the
best +SFT baseline by 19.37% (open) and 5.97%
(closed). Notably, the larger gains on open ques-
tions suggest that DEPO more effectively miti-
gates shortcut learning via evidence-guided pertur-
bations and dynamic resampling. For report gener-
ation, DEPO also yields consistent improvements
over the strongest baseline. In the direct setting, it
achieves average gains of 1.97% in BLEU, 24.54%
in ROUGE-L, and 24.18% in METEOR across
MIMIC-CXR and IU-Xray; with SFT initialization,
it still improves upon the best +SFT baseline by
0.50% (BLEU), 12.88% (ROUGE-L), and 21.28%
(METEOR) on average. These gains indicate that
our preference optimization better aligns genera-
tion with clinically grounded descriptions.

3.3
3.3.1 Ablation Study

We perform ablation studies of the key compo-
nents of the proposed DEPO in Table 2. From
the results, we can observe that: (I) Removing
Textual Evidence Perturbation (TEP) yields con-
sistent degradation on both VQA and report gen-
eration. The largest drops occur on VQA-RAD
Open and MIMIC-CXR report generation, sug-
gesting that the model becomes more sensitive
to query phrasing and relies more heavily on lin-
guistic shortcuts rather than stable visual evidence.
(2) Ablating Visual Evidence Perturbation (VEP)
also causes a clear performance decline, most no-
tably on MIMIC-CXR ROUGE-L and METEOR.
VQA accuracy similarly drops (e.g., SLAKE Open
68.24—66.60). This indicates increased suscepti-

Quantitative Analysis

bility to spurious visual cues and weaker visual
grounding, which is particularly detrimental for
long-form report generation. (3) Disabling Dispre-
ferred Evidence Resampling (DER) results in con-
sistent performance drops across all datasets and
tasks. This supports our motivation that dynami-
cally refreshing dispreferred answers and reweight-
ing samples is crucial for maintaining informative
preference signals as the policy evolves.

Complementary Roles of Sentence- and Token-
level Augmentation. To further examine how
TEP reduces textual shortcuts, we ablate its two
components in Table 2. The results indicate that the
two perturbation levels play complementary roles.
Sentence-level semantic perturbation helps reduce
overfitting to fixed question templates and recurring
phrasing by introducing semantically equivalent
clinical queries with varied wording, while adaptive
token-level perturbation weakens lexical shortcuts
by masking tokens with limited visual support. Em-
pirically, token-level perturbation has a larger im-
pact on open-ended VQA, whereas sentence-level
perturbation yields comparable or stronger gains
on several closed-ended and report-generation met-
rics. These results suggest that the two mechanisms
address textual bias at different levels and together
improve evidence-grounded reasoning.

Hyper-parameter Analysis. We further conduct
a sensitivity analysis of DER threshold 7, in both
tasks. From Figure 3, we observe a consistent
‘inverted-U’ trend: when 7, is too small, a large frac-
tion of samples are judged as unreliable, leading to
under-training and degraded performance; when 7,
is too large, many ambiguous samples are retained
with insufficient suppression, weakening DER’s fil-

26130



A
&
P

c
E

14.4

,_‘

>

N
o
g
o

&~ wDER
== wio DER

&~ wDER 53.5
w/o DER

Overall Score (%)
=
N
=}
1
1

13 - P —————— 525
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Results on MIMIC-CXR and IU-Xray.

tering effect. In the two boundary cases, the sample
weights tend to shift almost globally rather than
being adaptively redistributed, which makes DER’s
expected update mechanism nearly ineffective; con-
sequently, the performance becomes closer to the
setting w/o DER. In between, a moderate 7, yields
the best overall results by balancing noise suppres-
sion and effective data utilization.

3.3.2 Clinical Hallucination Evaluation

To further evaluate hallucinations in report genera-
tion, we additionally assess DEPO using two clini-
cally oriented metrics, RadGraph and RaTEScore.
Unlike general text-overlap metrics, these metrics
are more sensitive to whether a generated report
remains clinically faithful and factually grounded.

DEPO shows a consistent advantage on both
datasets, with particularly large gains on MIMIC-
CXR. Compared with MMedPO, DEPO im-
proves RadGraph and RaTEScore by 181.30% and
25.86%, respectively, on MIMIC-CXR, and also
achieves consistent improvements of 3.29% and
1.45% on IU-Xray. These results indicate that the
improvement of DEPO is not limited to surface-
level text quality, but extends to the generation of
more clinically faithful content. Overall, DEPO
more effectively suppresses hallucinations and gen-
erates reports that are more factually consistent
with medical evidence.

3.3.3 Compatibility Analysis

A natural question is whether the proposed method
is compatible with different medical tasks un-

Method ‘ SLAKE VQA-RAD IU-Xray MIMIC-CXR
w/o DEPO | 49.87 54.38 24.88 8.08
w DEPO 52.78 58.88 28.82 1291

Table 3: Compatibility analysis of DEPO on LLaVA-
Med-++.

der a unified LVLM backbone. To this end, we
conduct compatibility experiments using LLaVA-
Med++ (Xie et al., 2025), which is pretrained on
MedTrinity-25M as a shared backbone for medical
multimodal understanding. From the results, we ob-
serve consistent performance improvements across
the two tasks after applying our method. This indi-
cates that the proposed approach does not rely on
task-specific architectural modifications, but can be
seamlessly integrated into a single medical LVLM
to support heterogeneous clinical reasoning and
generation objectives. Overall, these results demon-
strate the compatibility of our method within other
unified Medical LVLM frameworks.

3.4 Qualitative Analysis and Case Study

Qualitative Assessment of Radiographic Inter-
pretations. Figure 5 provides a qualitative com-
parison of model responses for chest X-ray inter-
pretation under the same input query. The ground-
truth report focuses on clinical findings, including
clear lung fields, normal cardiac silhouette, and the
absence of pleural effusion or mediastinal abnor-
malities. As shown in the figure, baseline models
such as LLaVA-Med and DPO primarily generate
generic descriptions that emphasize the imaging
modality or broadly describe anatomical structures,
without meaningful findings. In contrast, DEPO
produces a clinically precise and concise descrip-
tion that accurately captures key radiographic fea-
tures consistent with the ground truth, including
normal heart size, clear lungs, and the absence of
pleural effusion or pneumothorax. This compari-
son demonstrates that DEPO is more effective at
extracting and articulating clinically meaningful
information from medical images.

Qualitative Assessment of Medical VQA. Fig-
ure 1(a) provides a qualitative comparison of model
responses for Medical VQA under the same input
query. For LLaVA-Med-1.5, the generation exhibits
an attention shift toward superficial tokens (e.g.,
function words and early query tokens such as Is
and this), rather than medicine-critical semantics
(e.g., MRI). As a result, the model fails to establish
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o

As compared to the previous radiograph, there is complete clearing of the pre-existing opacity in the
right lower lobe. No evidence of current pneumonia. No other parenchymal changes. Normal size of the

Clarify the contents of the displayed image with great detail.

GrouEd cardiac silhouette. No pleural effusion. No hilar or mediastinal abnormalities.
trut
?;& The displayed image is a chest X-ray. It is a type of radiographic imaging that provides a view of the structures
within the chest, including the lungs, heart, and bones of the chest and spine.
LLaVA-Med 7N
The displayed image is a chest X-ray. It is a common diagnostic imaging technique that provides a view of the structures
n within the chest, including the lungs, heart, and bones of the chest and spine. The image can help identify various
conditions, such as lung infections, heart enlargement, or fractures. However, without more specific information
DPO about the findings or any abnormalities present in the image, it is difficult to provide further details. s> <
-~
o
QD The displayed image is a chest X-ray. It shows the lungs, heart, and surrounding structures. The lungs appear to be
clear, which means there are no visible signs of infection, fluid, or masses. The heart size is normal, and there is no
DEPO (ours)  pleural effusion or pneumothorax. The mediastinal contours are normal. . o
'

Figure 5: Qualitative comparison. DEPO generates clinically precise and detailed descriptions consistent with
ground truth, whereas baseline models produce vague or generic responses with limited diagnostic value.

Is this a CT image?

2

> < 5
Yes, the image is a = ?
CT scan of the brain.
LLaVA-Med

f
No, this is an MRT dD

image.
g DEPO

Figure 6: Visualization of image-token attention maps.

stable associations between key question tokens
and discriminative visual tokens, and the decision is
dominated by weak textual priors, producing an in-
correct “Yes” answer. In contrast, DEPO maintains
stronger alignment on modality-relevant tokens and
concentrates attention on a compact set of informa-
tive image tokens, which supports evidence-based
reasoning and yields the correct response.

Improvement of Visual Understanding. Fig-
ure 6 visualizes the image-token attention maps.
Compared with LLaVA-Med, whose attention over
image tokens is relatively sparse and scattered,
DEPO yields a more concentrated and structured
attention distribution. This suggests that DEPO
strengthens visual grounding by increasing the con-
tribution of discriminative image tokens to the gen-
erated answer. As a result, the model is more likely
to base its prediction on modality-specific imag-
ing characteristics rather than defaulting to textual
priors, improving medical visual understanding.

4 Related Work

Factuality Issues in Med-LVLMs. Medical
LVLMs integrate visual encoders with large lan-
guage models (LLMs) to support tasks such as
medical VQA and report generation (Zhu et al.,
2025b). Early studies focused on cross-modal fu-
sion and alignment architectures (Cong et al.,
2022; Nguyen et al., 2021). With the emergence
of general-purpose LVLMs, medical variants such
as LLaVA-Med (Li et al., 2023) and HuatuoGPT-
Vision (Chen et al., 2024b) further improve per-
formance through domain-specific pretraining and
instruction tuning (Zhu et al., 2025a). Recent work
explores retrieval augmentation, agent-based rea-
soning, multi-step inference, and knowledge graphs
to enhance factual accuracy (Xiao et al., 2025; Gai
et al., 2025; Wang et al., 2025a). Despite these ad-
vances, most methods still rely on static supervision
signals, which can promote shortcut learning from
superficial textual patterns or spurious visual cues,
resulting in fluent but ungrounded hallucinations.
In this work, we introduce Multi-Modal Evi-
dence Perturbation, an evidence-driven augmen-
tation strategy that shifts the model from superfi-
cial patterns toward clinically grounded semantics.
MEP applies sentence-level rephrasing and adap-
tive token-level perturbations to regularize textual
evidence, and randomly masks low-attention re-
gions while progressively blurring high-attention
diagnostic regions to regularize visual evidence.

Preference Optimization in Med-LVLMs. Pref-
erence optimization has emerged as an effective
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paradigm for mitigating hallucinations by aligning
model outputs with relative preferences rather than
absolute supervision. Existing approaches to prefer-
ence fine-tuning generally fall into two categories:
methods that rely on human feedback (Bai et al.,
2022; Rafailov et al., 2023), and those that leverage
feedback generated by large models or the target
model itself (Lee et al., 2023; Zhou et al., 2025).
More recently, preference optimization has been
adapted to medical vision-language models (Sun
et al., 2024; Banerjee et al., 2024) by constructing
preferred and dispreferred responses using GPT-
based annotators or Med-LVLMs themselves.

Despite their effectiveness, most existing meth-
ods rely on static preference pairs and fixed sample
importance, limiting their ability to adapt to evolv-
ing error patterns and suppress newly emerging
hallucinations. Although MMedPO introduces clin-
ically informed weighting, it remains static during
training and fails to capture dynamic model failures.
To address this limitation, we propose Dispreferred
Evidence Resampling, which dynamically updates
dispreferred responses and their weights to track
evolving failure patterns.

5 Conclusion

In this paper, we presented DEPO, a dynamic
evidence-guided preference optimization frame-
work for Med-LVLMs. DEPO addresses two key
issues, namely overfitting to superficial cues and
pseudo convergence of the reward signal. It incor-
porates Multi-Modal Evidence Perturbation to reg-
ularize textual and visual evidence, and Dispre-
ferred Evidence Resampling to dynamically up-
date dispreferred responses and sample weights
based on evolving model behavior. Experimental
results demonstrate consistent improvements on
medical VQA and report generation benchmarks,
with enhanced robustness and generalization across
datasets and model architectures.

Limitation

Across two tasks, we observe that the model
achieves substantial improvements on majority out-
comes in the datasets, while the performance gains
on minority disease categories remain limited. We
attribute this behavior to two main factors. First,
existing medical datasets exhibit class imbalance,
with a large proportion of samples corresponding to
common conclusions. Second, in order to maintain
overall performance stability, the model tends to

adopt conservative diagnostic behaviors for other
classes, limiting improvements on minority classes.
In future work, we plan to explicitly address long-
tail bias and conservative generation to improve the
recognition and expression of all classes.
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A Additional Cross-Architecture
Generalization Results

To further address the concern regarding limited
empirical support for broad transferability, we
extend the compatibility analysis to more archi-
tectures beyond the LLaVA-Med family. In ad-
dition to LLaVA-Med++, we evaluate DEPO on
HuatuoGPT-V, Med-Flamingo, RadFM, and Med-
VInT across two datasets, VQA-RAD and MIMIC-
CXR. The corresponding backbone architectures
are summarized in Table 4, and the quantitative re-
sults are reported in Table 5 and Table 6. As shown
in these results, DEPO consistently improves per-
formance across all evaluated architectures, which
provides additional evidence for the generality of
the proposed framework.

Model Architecture

LLaVA-Med++
HuatuoGPT-V(Chen et al., 2024a)
Med-Flamingo(Moor et al., 2023)
RadFM(Wau et al., 2025)
MedVInT(Zhang et al., 2024b)

LLaVA-Med
LLaVA-v1.5-LLaMA3-8B
OpenFlamingo-9B
LLaMA-13B

PMC-LLaMA and PMC-CLIP

Table 4: Model architectures used in the additional cross-
architecture generalization experiments.

Model w/o DEPO  w/ DEPO A

LLaVA-Med v1.5 54.38 58.88 +4.50
HuatuoGPT-V(Chen et al., 2024a) 52.76 56.62 +3.86
Med-Flamingo(Moor et al., 2023) 46.10 49.37 +3.27
RadFM(Wu et al., 2025) 44.32 48.03 +3.21
MedVInT(Zhang et al., 2024b) 47.27 50.85 +3.58

Table 5: Cross-architecture generalization results on
VQA-RAD.

Model w/o DEPO  w/ DEPO A

LLaVA-Med++ 8.08 1291 +4.83
HuatuoGPT-V(Chen et al., 2024a) 8.01 13.24 +5.23
Med-Flamingo(Moor et al., 2023) 7.81 12.53 +4.72
RadFM(Wu et al., 2025) 7.52 11.95 +4.43
MedVInT(Zhang et al., 2024b) 7.73 11.83 +4.10

Table 6: Cross-architecture generalization results on
MIMIC-CXR.
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Hyperparameter SLAKE VQA-RAD MIMIC-CXR IU-Xray
Base Model LLaVA-Med-7B LLaVA-Med-7B LLaVA-Med-7B LLaVA-Med-7B
Visual Encoder CLIP-ViT-L/14  CLIP-ViT-L/14  CLIP-ViT-L/14  CLIP-ViT-L/14
Max Token Length 64 64 1024 1024
Optimizer AdamW AdamW AdamW AdamW
LoRA Rank 128 128 128 128
LoRA Alpha 256 256 256 256
Multimodal Projector Learning Rate 2e-5 2e-5 2e-5 2e-5
Learning Rate 5e-7 Se-7 Se-7 Se-7

LR Scheduler Cosine Decay Cosine Decay Cosine Decay Cosine Decay
Warmup Ratio 0.03 0.03 0.03 0.03
Batch Size 4 4 4 4
Epochs 5 5 5 5
Weight Decay 0.05 0.05 0.05 0.05
Verify rule Recall Recall BLEU BLEU
Update range Only open Only open All All

o 0.1 0.1 0.1 0.1

Tq 0.2 0.2 0.15 0.35

A 0.8 0.8 0.8 0.8
Dynamic Masking Budgets 1-3 1-3 1-3 1-3

DER Weighting (0.1 - 0.3) +0.2 +0.2 +0.2 +0.2

w 0.1 0.1 0.1 0.1
Precision bf16 bf16 bf16 bf16
Hardware 4 x 4090 (24G) 4 x 4090 (24G) 4 x 4090 (24G) 4 x 4090 (24G)

Table 7: Detailed hyperparameter settings for different datasets.

» Rewriting prompt

You are a careful medical editor. Your job is to rewrite a given medical question without changing
its truth conditions or correct answer. Please rewrite the following medical question in 10 different
ways, but ensure that the rewritten questions share exactly the same answer as the original question.
Do not change the answer type (e.g., Yes/No, numeric, categorical) or the scope of the question.
Only rephrase the wording while keeping the underlying meaning and answer consistent. Output

10 rewritten versions.

Original question: {original_question}
Format: 10 different rewritten versions, each on a separate line, numbered 1-10

B Additional Implementation Details

To improve reproducibility, we provide the detailed
hyperparameter settings used in Table 7.

C Rewriting Prompt

For completeness, we provide the prompt used to
generate semantically equivalent rewrites of each
medical question:
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