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Abstract

Large Vision-Language Models (LVLMs) hold
significant promise for medical applications,
yet their deployment is often constrained by
insufficient alignment and reliability. While
Direct Preference Optimization (DPO) has
emerged as a potent framework for refining
model responses, its efficacy in high-stakes
medical contexts remains underexplored, lack-
ing the rigorous empirical groundwork neces-
sary to guide future methodological advances.
To bridge this gap, we present the first com-
prehensive examination of diverse DPO vari-
ants within the medical domain, evaluating
nine distinct formulations across two medical
LVLMs: LLaVA-Med and HuatuoGPT-Vision.
Our results reveal several critical limitations:
current DPO approaches often yield inconsis-
tent gains over supervised fine-tuning, with
their efficacy varying significantly across dif-
ferent tasks and backbones. Furthermore, they
frequently fail to resolve fundamental visual
misinterpretation errors. Building on these in-
sights, we present a targeted preference con-
struction strategy as a proof-of-concept that
explicitly addresses visual misinterpretation
errors frequently observed in existing DPO
models. This design yields a 3.6% improve-
ment over the strongest existing DPO base-
line on visual question-answering tasks. To
support future research, we release our com-
plete framework, including all training data,
model checkpoints, and our codebase at https:
//github.com/dmis-lab/med-vlm-dpo.

1 Introduction

Recent advances in Large Vision-Language Mod-
els (LVLMs), which integrate powerful large lan-
guage models (LLMs) with visual encoders, have

*These authors contributed equally to this work.
†Corresponding authors.

greatly improved AI’s ability to process and rea-
son over multimodal inputs (Alayrac et al., 2022;
Li et al., 2023b; Liu et al., 2023; Zhu et al., 2024;
OpenAI, 2023). In the medical domain, these ad-
vances have enabled applications such as diagnos-
tic support, clinical question answering, and re-
port generation (Kline et al., 2022; Li et al., 2023a;
Chen et al., 2024b; Wu et al., 2025; Xie et al.,
2025), but safe deployment remains a critical chal-
lenge. For instance, factually incorrect or fabri-
cated outputs, often described as hallucinations,
pose particular risks (Maynez et al., 2020; Liu et al.,
2024a; Kim et al., 2025). Additionally, errors in
interpreting medical images (Jin et al., 2024) may
lead to cascading failures in downstream decision-
making (Zhang et al., 2024b).

Direct Preference Optimization (DPO) (Rafailov
et al., 2023) and its subsequent variants have been
explored to improve the reliability of language
models (Ethayarajh et al., 2024; Xu et al., 2024).
By leveraging preference signals to contrast out-
put pairs, DPO optimizes model parameters to fa-
vor safer and more faithful generations. However,
while these approaches have been predominantly
validated in general-domain language and vision-
language tasks (Saeidi et al., 2025; Zhou et al.,
2024b; Wang et al., 2024), their performance in
high-stakes fields such as medicine remains in-
sufficiently understood. Given the distinct data
characteristics and the specific nature of medical
errors, general-domain optimizations may not di-
rectly translate to reliable clinical performance, ne-
cessitating a dedicated validation of preference-
based alignment within this specialized context.

In this paper, we present the first comprehen-
sive evaluation of DPO-based alignment for med-
ical LVLMs. We systematically analyze leading
multi-modal DPO methods from both general and
medical domains, categorizing them into three
distinct groups based on their data perturbation
strategies: text-only, image-only, and joint text-
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image (Figure 1a). We implement nine DPO for-
mulations atop two representative medical LVLMs:
LLaVA-Med (Li et al., 2023a) and HuatuoGPT-
Vision (Chen et al., 2024b).

We analyze the models in two stages: a bench-
mark evaluation and an expert evaluation (Fig-
ure 1b). For benchmark evaluation, we first com-
pile five datasets spanning both visual question
answering (VQA) and two generation tasks: radi-
ology report generation and image captioning. We
evaluate baseline models using accuracy for VQA
and employ an LLM-as-a-judge framework (Zheng
et al., 2023; Gu et al., 2024) to assess completeness
and contradiction in the generation tasks. We ob-
serve that all DPO variants consistently improve
VQA accuracy. However, similar gains can also be
achieved through standard supervised fine-tuning
(SFT), making the advantage of DPO less evident
in this setting. In the generation tasks, no sin-
gle method consistently outperforms others across
tasks or metrics. For example, a text-only DPO
model achieved the highest completeness score
on the image captioning dataset with a 3.11% im-
provement, yet exhibited a 4.81% decrease in re-
port generation performance. Overall, the results
suggest that the effects of DPO may not fully align
with previous reports of its effectiveness in general-
domain (Zhou et al., 2024b; Wang et al., 2024) or
early medical-domain studies (Zhu et al., 2025).

To gain deeper insights, we conduct a manual er-
ror analysis, aiming to uncover the qualitative limi-
tations underlying our quantitative findings. We ob-
serve that a substantial majority of errors originated
from the misinterpretation of medical images. No-
tably, the base LLaVA-Med model exhibits image
misunderstandings in 90% of its image captioning
outputs (82.5% severe, 7.5% minor) and 97.5% for
its report generation outputs (82.5% severe, 15%
minor). While a DPO model significantly miti-
gates the most critical failures—reducing severe
interpretation errors from 90% to 50% in image
captioning—this improvement is accompanied by a
marked increase in minor misinterpretations, which
rises from 7.5% to approximately 30%. While en-
couraging, these results suggest that current DPO
formulations merely shift the error profile from
severe to minor rather than fully resolving the un-
derlying issues.

To investigate whether these gaps could be nar-
rowed through more targeted alignment, we iden-
tify four major categories of visual misinterpreta-
tion errors recurring in model outputs. We then

tailor the DPO training process by constructing
preference data specifically designed to counteract
these errors, exploring the feasibility of domain-
targeted preference modeling (Figure 1c). While
previous experiments showed DPO providing only
marginal improvements over SFT in VQA tasks,
our specialized DPO approach yields consistent
performance gains, outperforming the base LLaVA-
Med model by 6.9%, the SFT model by 4.6%, and
the best-performing baseline DPO model by 3.6%.

Beyond our initial findings, the observed lim-
itations underscore the need for more rigorous
community-wide validation and the development of
robust, domain-aware alignment strategies for med-
ical AI. To support these efforts and foster further
innovation, we publicly release our entire frame-
work, including the code, curated datasets, trained
models, and expert-verified error annotations.1

2 Related Work

2.1 Large Vision-Language Models in
Medicine

Medical LVLMs are adapted from general-purpose
models through fine-tuning on biomedical data (Li
et al., 2023a; Chen et al., 2024b; Zhang et al.,
2024a; Lin et al., 2025; Sellergren et al., 2025),
typically using image-caption pairs from PubMed
Central for visual alignment and human- or LLM-
generated prompts for instruction tuning. Some
models further integrate biomedical-specific vision
encoders (Lin et al., 2023; Zhang et al., 2025) to
enhance domain relevance. While models like
LLaVA-Med (Li et al., 2023a) and HuatuoGPT-
Vision (Chen et al., 2024b) support broad medical
tasks, others are tailored to specific fields such as
radiology (Wu et al., 2025; Chen et al., 2024c),
surgery (Wang et al., 2025a), pathology (Seyfioglu
et al., 2024), and dermatology (Zhou et al., 2024a).

2.2 Direct Preference Optimization for
LVLMs

Direct Preference Optimization (DPO) was
originally proposed for text-only preference
pairs (Rafailov et al., 2023). Subsequent works
have extended this framework to multimodal tasks
by modifying the definition of the contrastive ob-
jective. Specifically, variants differ in the modal-
ity being contrasted: some apply DPO to output
text only, while others contrast both input and
output jointly. HA-DPO (Zhao et al., 2023) and

1https://github.com/dmis-lab/med-vlm-dpo
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Figure 1: Overview of the study design. a. Evaluated DPO models: Illustration of three DPO configurations
(text-only, image-only, and joint text-image) categorized by the modality contrasted during preference learning. b.
Evaluation framework: A multi-faceted assessment combining automated benchmark evaluation across three core
tasks (visual question answering, image captioning, and radiology report generation) and expert qualitative analysis
focused on image misunderstanding severity and specific error types (e.g., MM, SLC, AM, LAS). c. Targeted
preference pair construction: A demonstration of our approach using a SLC example. We construct contrastive pairs
by perturbing text keywords and retrieving corresponding “hard-negative” images to improve the model’s spatial
and anatomical grounding (see Section 5 for details).

HSA-DPO (Xiao et al., 2025) generate rejections
by automatically detecting and correcting halluci-
nated spans, while Silkie (Li et al., 2023c) ranks
multiple model outputs to form preference pairs.
SIMA (Wang et al., 2025b) further leverages self-
feedback, where the model compares and critiques
its own outputs, while CLIP-DPO (Ouali et al.,
2025) derives preference signals from image-text
similarity scores provided by a pretrained CLIP
model. In contrast, several methods contrast both

outputs and inputs simultaneously. mDPO (Wang
et al., 2024) integrates text-based rejections with
corrupted inputs, using random cropping as the
perturbation. POVID (Zhou et al., 2024b) com-
bines GPT-4-generated hallucinations on the text
side with Gaussian-noised images on the visual
side. MMedPO (Zhu et al., 2025) likewise merges
modalities, treating hallucinated responses as re-
jections while contrasting original images against
ROI-noised counterparts.
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Method Description Relevant Methods

Text-only Perturbation

Text-Hallu yw corresponds to y.
POVID (Zhou et al., 2024b),
MMedPO (Zhu et al., 2025)

yl is generated by hallucinating y by GPT-4o.

Text-Hallu + NLL Text-Hallu with the addition of NLL loss.

Text-Noise yw corresponds to y.
POVID (Zhou et al., 2024b),
STIC (Deng et al., 2024)

yl is self-generated from the image m with Gaussian noise.

Text-Noise + NLL Text-Noise with the addition of NLL loss.

IRPO yw is a self-generated response closely aligned with y. IRPO (Pang et al., 2024)
yl is a less aligned one.

Image-only Perturbation

Image-Noise mw corresponds to m. mDPO (Wang et al., 2024),
POVID (Zhou et al., 2024b),
MMedPO (Zhu et al., 2025)

ml corresponds to m with Gaussian noise.

Image-ROI mw corresponds to m.
ml corresponds to m with Gaussian noise applied to ROI.

Joint Text-Image Perturbation

mDPO yw and mw correspond to y and m, respectively. mDPO (Wang et al., 2024)
ml corresponds to m with random cropping applied.
yl is self-generated from ml.

MMedPO yw corresponds to y, and yl is generated by GPT-4o. MMedPO (Zhu et al., 2025)
mw and ml: Same as Image-ROI.

Table 1: Categorization of DPO methods. y: ground-truth response. m: original image. yw and yl: preferred
(chosen) and dispreferred (rejected) responses, respectively. mw and ml: preferred (chosen) and dispreferred
(rejected) images. Relevant methods denote existing frameworks whose core principles were adapted and tuned for
medical multimodal alignment. ROI: Regions of Interest.

2.3 Benchmarking Medical LVLMs

A growing body of work has sought to benchmark
medical LVLMs across various tasks and dimen-
sions. MultiMedEval (Royer et al., 2024) and As-
clepius (Liu et al., 2024b) offer large-scale suites to
evaluate accuracy across modalities and specialties,
addressing prior issues of fragmented evaluation
practices. In parallel, CARES (Xia et al., 2024)
introduces a multidimensional framework for trust-
worthiness, covering trustfulness, fairness, safety,
privacy, and robustness. MedHEval (Chang et al.,
2025) and Med-HallMark (Chen et al., 2024a) fur-
ther systematize hallucination evaluation and high-
light domain-specific risks like visual misinterpre-
tation and knowledge deficiency. Yet, most bench-
marks focus on off-the-shelf models; only Med-
HEval (Chang et al., 2025) systematically exam-
ines inference-time hallucination mitigation. To
the best of our knowledge, no prior work has com-
prehensively evaluated DPO models for medical
LVLMs. Our work examines whether and how
such preference-based tuning methods affect medi-
cal LVLM behavior, through both automatic bench-
marks and structured expert assessments.

3 Evaluated DPO Models

Prior work on DPO for LVLMs can be categorized
based on the modality being contrasted: text-only,
image-only, or joint text-image, as illustrated in
Figure 1a. Building on this perspective, we further
organize the landscape along two axes: (i) the un-
derlying training objective and (ii) the preference
pair curation strategy.

Most of existing approaches were originally de-
veloped for the general domain and mainly address
issues such as object hallucination (Bai et al., 2024),
which are not directly applicable to medical data.
To bridge this gap, we adapted these methods to
the medical domain while retaining their core prin-
ciples, resulting in eight domain-specific DPO vari-
ants. We also include MMedPO (Zhu et al., 2025),
a method developed specifically for medical ap-
plications, yielding a total of nine models. Please
refer to Table 1 for the full list. In Appendix A, we
provide illustrative examples of preference pairs.

3.1 Text-only Perturbation

Let q be a text prompt (i.e., the instruction or query
to the model), yw the preferred (chosen) response,
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and yl the dispreferred (rejected) response. The
standard DPO objective is:

LDPO =− log σ

(
β log

πθ(yw | q)
πref(yw | q)

− β log
πθ(yl | q)
πref(yl | q)

)
,

(1)

where πθ is the target policy, πref is a fixed ref-
erence model (typically a supervised fine-tuned
checkpoint), β is a temperature-like scaling factor,
and σ(·) denotes the sigmoid function.

In multimodal settings with an input image m
and prompt q, this extends to:

LDPOm =− log σ

(
β log

πθ(yw | m, q)

πref(yw | m, q)

− β log
πθ(yl | m, q)

πref(yl | m, q)

) (2)

The text-only models differ in how yw and yl
are defined. In Text-Hallu, yw is the ground-truth
response y, while yl is generated by GPT-4o with
induced hallucinations. In Text-Noise, yw = y,
and yl is self-generated from a Gaussian-noised
image m. In IRPO, yw and yl pairs are selected
from N=20 self-generated responses (temperature
1.2) ranked by ROUGE-L against the ground truth,
with the top-1 and bottom-1 responses chosen. The
“+NLL” variants of Text-Hallu and Text-Noise fur-
ther incorporate a negative log-likelihood term to
encourage higher probability for y. The IRPO ob-
jective inherently includes an NLL term within its
formulation (see Appendix A for details).

3.2 Image-only Perturbation

In this setting, the image m is perturbed, whereas
the prompt q and reference response y remain iden-
tical across conditions. That is, both (mw, q) and
(ml, q) are paired with the same y, ensuring that
differences arise solely from the image modality.
The Conditional Preference Optimization (CoPO)
loss (Wang et al., 2024) applies a contrastive objec-
tive over image perturbations:

LCoPO =− log σ

(
β log

πθ(yw | mw, q)

πref(yw | mw, q)

− β log
πθ(yw | ml, q)

πref(yw | ml, q)

)
.

(3)

Dataset # Ex. # Img. Modality

Visual Question Answering (VQA)
VQA-RAD 451 204 Radiology
SLAKE 1,061 96 Radiology
PathVQA 6,719 858 Pathology

Image Captioning
AMBOSS 164 164 Misc.

Radiology Report Generation
MIMIC-CXR 1,031 1,031 Chest X-ray

Table 2: Datasets used in the benchmark evaluation. #
Ex. and # Img.: the number of examples and images,
respectively.

Here, Image-Noise perturbs m with Gaussian noise,
while Image-ROI perturbs the ROI (Regions of In-
terest) extracted using MedCLIP (Wu et al., 2023).

3.3 Joint Text-Image Perturbation

Models in this group combine the objectives de-
fined in Equations 2 and 3. In mDPO, yw and mw

are the ground-truth response y and original image
m, while ml is a randomly cropped version of m.
The rejected response yl is conditioned on the cor-
rupted image ml. In MMedPO, yw and mw are the
ground-truth response y and original image m. The
rejected response yl is generated by GPT-4o. The
rejected image ml are defined as in Image-ROI,
with Gaussian noise applied to the ROI. Please re-
fer to Appendix A for the detailed mathematical
formulations for mDPO and MMedPO.

4 Experiments

4.1 Tasks and Datasets

The benchmark evaluation includes the following
tasks and datasets, along with a description of the
metrics used. See Table 2 for a summary.

Visual question answering (VQA) This task is
widely used for evaluating medical LVLMs. For
datasets, we use VQA-RAD (Lau et al., 2018),
SLAKE (Liu et al., 2021), and PathVQA (He et al.,
2020), all of which pair radiological/pathological
images with clinician-annotated QA pairs. We re-
port accuracy averaged across the three datasets.

Image captioning This task focuses on describ-
ing the core visual findings in medical images
across various modalities, including radiology,
pathology, dermatology, and endoscopy. We utilize
image-caption pairs curated by medical experts,
sourced from AMBOSS, a medical question bank
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VQA Image Captioning Radiology Report Generation

Model Acc (↑) Comp (↑) Cont (↓) Comp (↑) Cont (↓)

LLaVA-Med

Base Model 38.7 (-) 9.11 (-) 19.56 (-) 15.83 (-) 11.90 (-)

SFT 41.0 (+2.3) 9.66 (+0.55) 20.43 (+0.87) 10.96 (-4.87) 13.64 (+1.74)

Text-Hallu 41.3 (+2.6) 12.22 (+3.11) 13.93 (-5.63) 11.02 (-4.81) 12.39 (+0.49)
+ NLL 42.0 (+3.3) 10.67 (+1.56) 19.15 (-0.41) 13.12 (-2.71) 11.03 (-0.87)

Text-Noise 39.0 (+0.3) 9.80 (+0.69) 11.63 (-7.93) 17.70 (+1.87) 11.99 (+0.09)
+ NLL 40.6 (+1.9) 9.85 (+0.74) 21.23 (+1.67) 13.13 (-2.70) 13.63 (+1.73)

IRPO 39.0 (+0.3) 9.12 (+0.01) 19.79 (+0.23) 18.33 (+2.50) 12.00 (+0.10)

Image-Noise 40.0 (+1.3) 8.22 (-0.89) 9.35 (-10.21) 12.24 (-3.59) 12.77 (+0.87)
Image-ROI 41.0 (+2.3) 10.74 (+1.63) 11.38 (-8.18) 11.34 (-4.49) 13.23 (+1.33)

mDPO 41.9 (+3.2) 10.44 (+1.33) 20.58 (+1.02) 12.75 (-3.08) 11.98 (+0.08)
MMedPO 40.1 (+1.4) 11.38 (+2.27) 12.75 (-6.81) 10.82 (-5.01) 12.74 (+0.84)

HuatuoGPT-Vision

Base Model 49.1 (-) 20.97 (-) 29.58 (-) 21.81 (-) 23.05 (-)

SFT 51.9 (+2.8) 21.03 (+0.06) 27.15 (-2.43) 21.91 (+0.10) 22.76 (-0.29)

Text-Hallu 53.2 (+4.1) 21.48 (+0.51) 26.86 (-2.72) 22.34 (+0.53) 22.93 (-0.12)
+ NLL 51.7 (+2.6) 20.39 (-0.58) 28.81 (-0.77) 22.36 (+0.55) 22.60 (-0.45)

Text-Noise 51.1 (+2.0) 20.78 (-0.19) 25.88 (-3.70) 22.50 (+0.69) 25.14 (+2.09)
+ NLL 52.4 (+3.3) 20.89 (-0.08) 25.00 (-4.58) 22.05 (+0.24) 24.15 (+1.10)

IRPO 52.7 (+3.6) 20.97 (+0.00) 26.83 (-2.75) 22.10 (+0.29) 21.57 (-1.48)

Image-Noise 49.6 (+0.5) 22.26 (+1.29) 24.69 (-4.89) 22.80 (+0.99) 22.98 (-0.07)
Image-ROI 52.4 (+3.3) 23.03 (+2.06) 28.54 (-1.04) 22.21 (+0.40) 22.81 (-0.24)

mDPO 50.9 (+1.8) 23.02 (+2.05) 25.22 (-4.36) 21.51 (-0.30) 22.42 (-0.63)
MMedPO 51.8 (+2.7) 21.51 (+0.54) 26.90 (-2.68) 22.07 (+0.26) 22.79 (-0.26)

Table 3: Performance comparison of DPO methods and SFT baselines across LLaVA-Med and HuatuoGPT-Vision
backbones. Evaluation spans visual question answering (VQA; averaged across the SLAKE, VQA-RAD, and
PathVQA datasets), image captioning (the AMBOSS dataset), and radiology report generation (the MIMIC-CXR
dataset). We report accuracy (Acc) for VQA, along with completeness (Comp) and contradiction (Cont) for
generation tasks (↑: higher is better; ↓: lower is better). Values in parentheses denote the performance delta relative
to each SFT base model. For reference, GPT-4.1 achieves a VQA accuracy of 58.1%.

platform designed for licensing/board exam prepa-
ration.2 While the data is licensed, we obtained
explicit permission for their use in this study. For
metrics, we apply a statement-level, LLM-based
evaluation: reference reports are decomposed into
atomic clinical statements (Min et al., 2023), and
model outputs are classified into entailment, par-
tial entailment, contradiction, or neutral (see Ap-
pendix B for details). From this, we compute com-
pleteness (proportion of entailed statements) and
contradiction scores (proportion of contradicted
statements).

Radiology report generation We evaluate mod-
els on the MIMIC-CXR dataset (Johnson et al.,
2019) using a filtered test set to ensure precise,
image-grounded assessment (see Appendix C for

2https://www.amboss.com/us

details). The same metrics as in image captioning
are used—completeness and contradiction.

4.2 Base LVLMs

We use LLaVA-Med v1.5 with a Mistral-7B back-
bone (Li et al., 2023a) and HuatuoGPT-Vision with
a Qwen2-7B backbone (Chen et al., 2024b) as our
base models, both of which were pretrained and
instruction-tuned on large-scale medical data. We
sample 10,000 instructions from each model’s train-
ing corpus, which serve as a shared foundation for
subsequent SFT and DPO preference pair construc-
tion. This follows established practice in recent
studies, which typically employ between 5,000 and
17,000 preference pairs (Wang et al., 2024, 2025b;
Zhou et al., 2024b; Deng et al., 2024).
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Image Misunderstanding (%) Error-type Distribution (#)

Model None Minor Severe MM SLC AM LAS

Image Captioning

Base Model 10.0 7.5 82.5 11 5 6 0
TxtPert-LLM 20.0 30.0 50.0 5 4 11 1
MMedPO 15.0 17.5 67.5 9 4 11 2
SFT 0.0 15.0 85.0 11 2 12 1

Radiology Report Generation

Base Model 2.5 15.0 82.5 0 3 0 9
TxtPert-LLM 5.0 35.0 57.5 0 1 0 22
MMedPO 2.5 35.0 60.0 0 1 0 14
SFT 5.0 17.5 77.5 0 1 0 24

Table 4: Expert evaluation on the image captioning and report generation tasks with LLaVA-Med. Image misunder-
standing is reported as percentages (%), and error-type distribution as counts (out of 40 evaluated cases per dataset).
MM: Modality misidentification; SLC: Spatial or laterality confusion; AM: Anatomical misidentification; LAS:
Lack of anatomical specificity. Detailed descriptions are provided in the main text.

4.3 Benchmark Results

We conducted bootstrapping with 100 resampling
iterations of equal size. Table 3 summarizes model
performance across VQA, image captioning, and
report generation tasks. Crucially, our results re-
veal a significant limitation of applying existing
DPO strategies to the medical domain. While DPO
models improved VQA accuracy (+0.3–3.3% for
LLaVA-Med, +0.5–4.1% for HuatuoGPT-Vision),
comparable gains were observed with matched SFT
baselines. This indicates that the perceived benefits
may stem largely from additional training rather
than preference optimization itself.

For generation tasks, performance was incon-
sistent; while some DPO variants improved spe-
cific metrics, others showed regression, with deltas
often falling within the range of run-to-run vari-
ability. Contrary to prior findings reporting uni-
form improvements (Zhu et al., 2025), our analysis
demonstrates that naively transferring DPO meth-
ods to complex medical tasks yields unstable and
marginal gains.

4.4 Expert Evaluation

Beyond quantitative metrics, we conducted an ex-
pert evaluation to investigate the underlying failure
modes that the DPO models exhibit in medical
tasks. We specifically focused our error analy-
sis on image misunderstanding, as accurate visual
recognition serves as the critical foundation for all
downstream medical interpretation. Since visual
errors often lead to a cascade of incorrect clinical
reasoning, two experts categorized these failures
by their severity (e.g., none, moderate, or severe)

to measure their actual impact. Here, severe er-
rors refer to critical misinterpretations of the im-
age that can significantly compromise downstream
reasoning or diagnostic accuracy, whereas minor
errors involve subtler inaccuracies that do not sub-
stantially alter the clinical meaning. We utilized
a curated set of 80 samples (40 from AMBOSS,
40 from MIMIC-CXR) and assessed four models:
the base LLaVA-Med, and its SFT baseline, Text-
Hallu, and MMedPO. More details are provided in
Appendix D.

Table 4 shows that the base LLaVA-Med model
exhibited substantial limitations, with 82.5% of im-
age captioning responses and 82.5% of report gen-
eration responses containing severe errors, and an
additional 7.5% and 15% containing minor errors,
respectively. These results indicate that the baseline
model lacks sufficient capability for accurate medi-
cal image interpretation. Moreover, post-training
methods such as SFT and DPO were insufficient in
addressing this limitation. In fact, SFT appeared to
amplify errors in image captioning, with severe and
minor errors increasing to 85% and 15%, respec-
tively. Text-Hallu and MMedPO reduced severe
errors in image captioning (to 50% and 67.5%), but
simultaneously increased minor errors (from 7.5%
to 30% and 17.5%, respectively).

Fine-grained error analysis We further catego-
rized the errors into four major types: (1) Modal-
ity misidentification (MM): The model incorrectly
identifies the imaging modality, such as mistaking
a pathology slide for a clinical photograph. (2)
Spatial or laterality confusion (SLC): The model
confuses spatial orientation or left/right anatomical
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VQA
(Pooled)

Subsets

Model MM SLC AM LAS

Base model 38.7 49.8 26.6 40.3 10.0
SFT 41.0 56.2 30.2 43.2 14.2

Text-Hallu 41.3 63.6 30.4 42.2 13.2
+ NLL 42.0 60.1 31.2 43.0 14.9

Text-Noise 39.0 54.2 29.8 41.6 14.8
+ NLL 40.6 56.0 32.3 42.7 13.7

IRPO 39.0 54.1 31.8 40.8 13.9

Image-Noise 40.0 51.8 32.2 43.4 14.9
Image-ROI 41.0 55.5 30.3 42.6 11.7

mDPO 41.9 59.5 32.1 42.7 14.7
MMedPO 40.1 56.7 32.9 41.5 12.3

Ours (DPO) 45.5 69.4 35.9 45.5 20.8
Ours (CoPO) 45.6 69.0 36.0 45.6 20.8
Ours (mDPO) 45.4 69.1 35.9 45.5 20.9

Table 5: Performance comparison of our DPO models
and baseline models on VQA tasks. The left group rep-
resents pooled VQA performance (averaged across the
full SLAKE, VQA-RAD, and PathVQA datasets). The
right group shows accuracy on error-specific subsets,
consisting only of VQA items relevant to specific visual
recognition errors. MM: Modality misidentification.
SLC: Spatial or laterality confusion. AM: Anatomical
misidentification LAS: Lack of anatomical specificity.

sides, for instance, describing a left lung lesion as
being located in the right lung. (3) Anatomical
misidentification (AM): The model misidentifies
anatomical structures, such as referring to the lip
as intraoral tissue or confusing the arm with the
leg. (4) Lack of anatomical specificity (LAS): The
model provides overly broad anatomical references
relative to the ground truth, such as describing the
“right lung” instead of the more precise “right lower
lobe.” These error types reflect basic visual under-
standing that should be correctly recognized before
any detailed reasoning. However, as shown in Ta-
ble 4, models frequently made such errors, and
post-training methods even amplified specific cate-
gories, for example, AM in image captioning and
LAS in report generation.

5 Enhanced DPO Training

Manual analysis revealed that the majority of re-
sponses contained image misinterpretation errors.
Since accurate visual understanding is the foun-
dation for downstream reasoning, such errors of-
ten lead to cascading failures in subsequent steps,
likely contributing to the overall inconsistency in
performance. Unfortunately, existing DPO meth-
ods are not well-equipped to address these underly-

ing limitations of the base models. Even MMedPO,
which was specifically designed to enhance visual
grounding by aligning model attention with clin-
ically critical ROIs in medical images, exhibited
significant visual errors in our evaluation. To ex-
amine whether this issue is addressable, we ex-
plored a straightforward approach by incorporating
fine-grained visual error types into the DPO pair
construction process. As a proof of concept, we
integrated four common categories of model errors
(i.e., MM, SLC, AM, and LAS).

5.1 Model
We constructed preference pairs that isolate a single
error type while preserving the surrounding clinical
context across both text and image modalities. To
ensure a fair comparison, we aggregated samples
across all error categories to form a single train-
ing set of 10k samples, consistent with the size of
the dataset used for our baseline models. Using
this dataset, we developed and evaluated three dis-
tinct DPO configurations to investigate the impact
of each modality: text-only (DPO), image-only
(CoPO), and joint text-image (mDPO).

Error-type assignment To systematically iden-
tify relevant samples, we first defined keyword
lists corresponding to each error category (see Ap-
pendix E). These lists were then used to map each
image to its potential failure modes by identify-
ing relevant clinical terms within the associated
instruction and response. Since each sample only
pertains to specific error types depending on its
content, we tagged each image with only the de-
tected categories. For instance, as illustrated in Fig-
ure 1c, an image of a chest CT might be tagged with
MM: {CT}, AM: {lung}, and SLC: {right}, while
LAS is omitted as no corresponding keywords were
matched. These tags serve as ground-truth anchors,
allowing us to formulate contrastive pairs by sys-
tematically perturbing specific attributes or selec-
tively retrieving images that align with these an-
chors, all while keeping the rest of the clinical
context intact.

Generation of rejected text responses We uti-
lized GPT-4o to generate a corresponding rejected
response yl by perturbing the identified error-type
keywords. Following the SLC example in Fig-
ure 1c, if the response y describes a finding on
the “right,” the model was prompted to substitute
the target keyword with a plausible but clinically
incorrect alternative, resulting in the term “left” in

5059



the rejected output yl. We constrained the gener-
ation process to strictly preserve all other clinical
details and maintain a consistent length and tone
between yw and yl.

Retrieval of rejected images The original im-
age, serving as the chosen image mw, was paired
with a hard-negative ml. We selected ml by retriev-
ing a sample that differed strictly on the targeted
attribute; for instance, as shown in Figure 1c, we se-
lected an image displaying a “left” side pathology
instead of “right” while keeping other attributes
consistent. This selection process ensured precise
supervision by forcing the model to distinguish
subtle spatial differences between otherwise nearly
identical clinical contexts in images.

5.2 Results

We evaluated our models across three VQA
datasets using average accuracy as the primary met-
ric. To conduct a more granular analysis, we ap-
plied the same automated classification logic used
in our dataset construction to categorize the origi-
nal questions into the four error types.

As shown in Table 5, the baseline DPO mod-
els yielded inconsistent improvements; while they
occasionally surpassed SFT in specific categories,
they frequently fell short in others. In contrast, our
proposed models consistently achieved the high-
est accuracy across all categories, outperforming
both SFT and all other DPO variants. This robust
performance demonstrates that targeted preference
learning on clinically grounded error types pro-
vides more reliable hallucination mitigation than
general-purpose DPO strategies.

6 Conclusion

In this work, we examined the efficacy of existing
DPO strategies within the medical domain. Our re-
sults demonstrated that while DPO provides mod-
erate gains over the base model, these improve-
ments are often indistinguishable from those of
matched SFT baselines, suggesting that the bene-
fits may stem primarily from additional supervised
training rather than preference optimization itself.
Furthermore, we found that DPO’s performance
was highly inconsistent across various tasks and
datasets, raising concerns regarding its reliability in
clinical applications. Most importantly, our expert-
driven analysis of visual understanding revealed
that DPO-aligned models still exhibit fundamental
errors in modality and anatomical identification.

These results underscore the limitations of current
approaches and call for more advanced, domain-
specific methods that prioritize visual grounding.
To this end, we provided a proof-of-concept for
a targeted preference construction strategy and re-
leased our training and evaluation resources to sup-
port the development of more robust medical AI.

Limitations

It remains to be verified whether our findings gen-
eralize to more recently released models, such as
HealthGPT (Lin et al., 2025) or MedGemma (Sell-
ergren et al., 2025). Variations in base architectures
and the scale of medical pre-training data across
these newer models may influence how they re-
spond to preference optimization. Our evaluation
was also constrained to 7B-parameter models, pri-
marily due to computational limitations; however,
investigating the scaling effects of preference op-
timization on larger architectures would be a valu-
able direction. Furthermore, several specialized
models have been developed for radiology report
generation (Wu et al., 2025; Chen et al., 2024c;
Lee et al., 2024), and evaluating such radiology-
specific architectures might have revealed differ-
ent error patterns. However, as our primary ob-
jective was to assess widely adopted models for
general medicine, we selected LLaVA-Med and
HuatuoGPT-Vision. Also, they represent widely
used, open-source benchmarks with transparent
training pipelines. This transparency was crucial
for ensuring that our comparisons across DPO vari-
ants remained controlled and reproducible.

While our analysis primarily focused on visual-
level errors, investigating failure modes that occur
despite accurate visual recognition remains an in-
triguing avenue for future research. This includes
challenges such as extrinsic hallucinations, overly
generic descriptions, logical inconsistency in rea-
soning, and the degree of alignment with global
medical standards. We leave the exploration of
these nuanced linguistic and clinical dimensions
for future work.

Lastly, our study may not comprehensively cover
the full range of real-world clinical scenarios. As
such, various types of errors may arise in practical
settings that were not captured or analyzed within
the scope of this research. Therefore, ongoing ef-
forts toward additional validation are necessary to
ensure robustness and reliability in diverse medical
contexts.
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A DPO Formulations and Examples

Table A presents the mathematical formulations of
IRPO, mDPO, and MMedPO, illustrating how the
preference loss is defined for each configuration.
Illustrative examples of preference pair curation
are presented in Figures A and B.

B Completeness and Contradiction

Each model-generated output is evaluated against
a set of atomic statements using GPT-4o based nat-
ural language inference (NLI) and classified into
one of four classes: entailment, if the model’s out-
put supports or conveys the same factual content
as the reference; partial entailment, if the output is
only partially aligned with the statement, capturing
some but not all aspects of the intended meaning;
contradiction, if the output directly conflicts with
the statement; and neutral, if the response neither
confirms nor refutes the information, or fails to
address it altogether.

Scores of 1, 0.5, 0, and -1 are assigned to en-
tailment, partial entailment, neutral, and contra-
diction, respectively. Completeness is the average
score across the entailment, partial, and neutral cat-
egories, while contradiction is the absolute average
of the scores for the contradiction class, both nor-
malized by the total number of reference atomic
statements.

C MIMIC-CXR data curation

To enable precise and image-grounded evaluation,
we utilized the MIMIC-CXR test set after apply-
ing the following filters: (1) only studies with a
single frontal chest X-ray image were retained;
(2) only the Findings section of each report was
used, and reports with extremely short Findings
sections were excluded due to insufficient clinical
content; and (3) we used GPT-4o to generate mod-
ified versions of the reports by removing phrases
that required external context—such as prior ex-
ams, patient history, institutional conventions, or
physician-specific commentary. This selection en-
ables decomposition of reports into atomic, image-
verifiable facts for accurate comparison with model
outputs.

D Expert Evaluation Details

The models were presented with the following
prompt: “Describe the key visual features of the
medical image (e.g., shape, size, location, den-
sity, contrast). Then, provide the clinical findings.”

Evaluators measured the accuracy of image under-
standing by assigning one of three severity levels
for image misunderstanding: (1) None: no misin-
terpretation of critical visual elements, (2) Minor:
small inaccuracies that do not substantially affect
diagnostic reasoning, and (3) Severe: clear mis-
interpretation of essential features necessary for
accurate clinical inference.

Two annotators with relevant medical back-
grounds participated in the expert evaluation. The
senior annotator is a licensed physician specializ-
ing in Physical Medicine and Rehabilitation, with
years of inpatient experience managing complex
comorbidities and interpreting diverse clinical data,
including imaging. The second annotator is a med-
ical student with prior experience in annotation
and manual evaluation across multiple AI projects.
Although our benchmarks span multiple medical
domains, the evaluation did not require highly spe-
cialized expertise from pathologists or radiologists,
as the task primarily involved comparing model
outputs against available ground truths (e.g., radi-
ology reports for MIMIC-CXR and image captions
for AMBOSS).

A calibration session was conducted prior to an-
notation to align evaluation standards. To quantify
annotation consistency, we computed inter-rater
reliability (Cohen’s κ) over 30 model-generated
responses. Overall agreement was 0.9 for MIMIC-
CXR and was 0.878 for AMBOSS, indicating
strong reliability and consensus.

E Details of Enhanced DPO Experiments

Keyword lists We curated comprehensive key-
word lists for each error category to facilitate au-
tomated preference pair construction. These key-
words serve as the basis for identifying critical clin-
ical entities within the ground-truth instructions
and responses. The specific keywords associated
with each error type are detailed below, illustrating
the scope of our targeted clinical entity extraction.

Modality Misidentification (MM)

Representative keywords:

• CT, computed tomography, MRI, MR, T1, T2,
FLAIR, DWI, SWI

• X-ray, radiograph, CXR, ultrasound, US, sonography,
echocardiogram, echo

• PET, SPECT, angiography, fluoroscopy,
mammography

• fundus, ophthalmoscopy, dermatoscopy, endoscopy,
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Method Objective

IRPO (Pang et al., 2024)
LIRPO(yw, yl | m, q) = LDPO(yw, yl | m, q) + α · LNLL(yw | m, q)

= − log σ
(
β log πθ(yw|m,q)

πref (yw|m,q)
− β log πθ(yl|m,q)

πref (yl|m,q)

)
− α · log πθ(yw|m,q)

|yw|

mDPO (Wang et al., 2024)

LmDPO = LDPOm + LCoPO + LAncPO

= − log σ
(
β log πθ(yw|m,q)

πref (yw|m,q)
− β log πθ(yl|m,q)

πref (yl|m,q)

)

− log σ
(
β log πθ(yw|mw,q)

πref (yw|mw,q)
− β log πθ(yw|ml,q)

πref (yw|ml,q)

)

− log σ
(
β log πθ(yw|mw,q)

πref (yw|mw,q)
− δ

)

MMedPO (Zhu et al., 2025) LMMedPO = s′ ·
[
− log σ

(
α log πθ(yw|mw,q)

πref (yw|mw,q)
− α log πθ(yl|ml,q)

πref (yl|ml,q)

)]

Table A: Mathematical formulations of IRPO, mDPO, and MMedPO.

colonoscopy, EGD, gastroscopy

• microscopy, H&E, hematoxylin, eosin, electron
microscopy, OCT

Anatomical Misidentification (AM)

Representative keywords (examples):

• Thorax: lung, lobe, segment, pleura, mediastinum,
cardiomediastinum, diaphragm, rib, clavicle

• Abdomen: liver, spleen, kidney, adrenal, pancreas,
stomach, bowel, colon, rectum

• Head/Neck: brain, cerebellum, ventricle, skull, orbit,
sinus, maxillary, ethmoid, sphenoid, frontal, nasal,
septum, tonsil, pharynx, larynx

• Extremities/Skin: arm, leg, hand, foot, femur,
humerus, radius, ulna, tibia, fibula, hip, knee, ankle,
wrist, skin, dermis, epidermis

Spatial or Laterality Confusion (SLC)

Representative keywords:

• Laterality: left, right, left-sided, right-sided

• Zones: upper, lower, superior, inferior, anterior,
posterior, medial, lateral, apical, basal

• Lung subregions: RUL, RML, RLL, LUL, LLL,
upper lobe, middle lobe, lower lobe

Lack of Anatomical Specificity (LAS)

Representative keywords:

• Fine-grained: segment numbers (S1, S2, ...), right
lower lobe, left upper lobe, quadrant (RUQ, LUQ,
RLQ, LLQ), pole

• Broad parents: lung, liver, kidney, sinus, paranasal
sinus, brain, hemithorax

VQA Subsets To evaluate the model’s robust-
ness against specific types of hallucinations, we

Error
Type SLAKE VQA-RAD PathVQA Total

MM 140 51 366 557
SLC 211 98 213 522
AM 698 267 5268 6233
LAS 83 58 672 813

Table B: Screened question-answer pairs per error type
and dataset.

constructed specialized evaluation subsets from
established VQA benchmarks. By applying the
keyword-based classification logic described above,
we partitioned original VQA questions into four
distinct categories: MM, AM, SLC, and LAS. This
fine-grained evaluation framework allows us to an-
alyze whether performance gains are consistent
across different clinical dimensions or localized
to specific error types. Table B summarizes the
statistics of the VQA subsets.

F Hyperparameter Tuning

SFT and DPO rely on different training objectives
and, by design, their training data are not identical.
Specifically, SFT uses instruction-response pairs,
whereas DPO uses preference pairs where the cho-
sen (mw, yw) matches the SFT data but requires
additional curation of rejected responses. To enable
a fair comparison, we therefore conducted indepen-
dent hyperparameter searches using the SLAKE
validation set to identify the best-performing set-
tings for each method (Table C). Based on these
analyses, we selected the following settings for our
main experiments; for SFT, we used a learning rate
2e-6 with 3 epochs, and for the DPO models, we
used a learning rate 1e-7 with 3 epochs.

We further evaluated the effect of varying the
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Figure A: Illustrative examples of preference pair curation in text-only and image-only DPO variants.

number of training epochs (Table D), confirming
that performance gains are not attributable to addi-
tional training alone.

5066



(a) mDPO (b) MMedPO

Figure B: Illustrative examples of preference pair curation in joint image-text DPO variants, mDPO and MMedPO.

lr 1 ep 2 ep 3 ep

SFT

1e-7 0.45 0.45 0.45
5e-7 0.44 0.45 0.45
1e-6 0.42 0.45 0.45
2e-6 0.41 0.45 0.44
2e-5 0.41 0.37 0.37

Text-Hallu + NLL

2e-8 0.44 0.45 0.45
1e-7 0.46 0.45 0.47
1e-6 0.45 0.47 0.47

Table C: Hyperparameter search results for LLaVA-Med
on SLAKE validation set.

Model 1 ep 2 ep 3 ep 4 ep 5 ep

LLaVA-Med

Base Model – – 0.39 – –
SFT 0.38 0.41 0.41 0.41 0.42

Text-Hallu 0.41 0.42 0.41 0.38 0.35
+ NLL 0.41 0.42 0.42 0.36 0.38

Text-Noise 0.40 0.39 0.39 0.34 0.37
+ NLL 0.41 0.41 0.41 0.36 0.37

IRPO 0.39 0.39 0.39 0.33 0.37

Image-Noise 0.40 0.40 0.40 0.36 0.37
Image-ROI 0.41 0.41 0.41 0.34 0.38

mDPO 0.41 0.42 0.42 0.38 0.39
MMedPO 0.40 0.39 0.40 0.32 0.33

HuatuoGPT-Vision

Base Model – – 0.49 – –
SFT 0.51 0.50 0.52 0.51 0.52

Text-Hallu 0.52 0.51 0.53 0.51 0.49
+ NLL 0.52 0.51 0.52 0.49 0.50

Text-Noise 0.52 0.50 0.51 0.53 0.51
+ NLL 0.50 0.52 0.52 0.52 0.51

IRPO 0.51 0.50 0.53 0.53 0.51

Image-Noise 0.52 0.51 0.50 0.52 0.52
Image-ROI 0.51 0.51 0.52 0.50 0.50

mDPO 0.52 0.51 0.51 0.54 0.53
MMedPO 0.51 0.53 0.52 0.52 0.53

Table D: Performance comparison across epochs for
LLaVA-Med and HuatuoGPT-Vision.
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