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Abstract

With the rising demand for trustworthy Al in clin-
ical practice, strong interpretability is now a crit-
ical requirement as well as accuracy. However,
the modality gap for medical visual question an-
swering is quite severe when continuous visual sig-
nals are forcibly projected into discrete text space
for reasoning, and the loss of necessary diagnos-
tic information leads to low precision and black-
box opacity. To address this problem, we pro-
pose MedVCoT, which incorporates latent visual
reasoning into the medical visual question answer-
ing(VQA) domain. Rather than merely integrating
modules, MedVCoT utilizes the specialized exper-
tise of MedSAM to train a large vision-language
model so that it can autonomously generate con-
sistent and continuous latent visual tokens within
Visual Chain-of-Thought. This mechanism forces
the model to explicitly ”see” the lesion in the latent
space before formulating a textual diagnosis, ensur-
ing answers are causally rooted in verifiable visual
evidence rather than statistical hallucination. We
achieve this through a progressive 3-stage training
procedure: medical feature alignment; visual rea-
soning learning by utilizing latent tokens generated,
and instruction tuning for complex clinical scenar-
ios. Extensive experiments show that MedVCoT
can achieve state-of-the-art performance on multi-
ple benchmarks, outperforming other methods by
large margins. Meanwhile, it provides pixel-level
segmentation masks to validate its diagnostic rea-
soning. Our demo is available at https://zhugh19.
github.io/MedVCoT.

1 Introduction

Medical Visual Question Answering (Medical VQA) stands
as a cornerstone of Al-assisted diagnosis, which needs both
high accuracy and rigorous interpretability. The “black-box”
diagnosis made to a patient, although it may be correct, will
be unconvincing without verifiable visual evidence. How-
ever, current state-of-the-art Medical Vision-Language Mod-
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els (VLMs) come to a fundamental bottleneck: the modality
gap. When continuous and fine-grained visual signals (such
as the boundaries of a lesion or texture gradients) are forcibly
projected into a discrete textual space for reasoning, there is
a lot of visual evidence ignored inevitably. This information
loss is particularly detrimental in clinical practice, where the
subtlest cues in visual content can matter to diagnosis. In that
connection, the lack of direct visualization of reasoning has
been a barrier to theapplication of medical Al systems ap-
plied to clinical scenarios.

Prior attempts to address this challenge fall short in large
part because they fail to explicitly ground reasoning on vi-
sual information. Early medical VLMs, such as LLaVA-
Med [Liu et al., 2023; Li et al., 2023], mainly focused on
aligning the global image features with text through large-
scale instruction tuning. However, although such models can
generate fluent general descriptions, they are fundamentally
black box in nature, revealing no information about which
particular regions of an image or features led to a particu-
lar diagnosis [Mullappilly er al., 2024; Chen et al., 2024;
Ning et al., 2025; He et al., 2024; Xu et al., 2025c; Xu et
al., 2025a]. This uninterpretability is extremely critical in
a clinical scenario, where objective evidence is everything.
Other works then attempted to introduce Chain-of-Thought
(CoT) reasoning [Wei et al., 2022] to improve interpretability
[Hong et al., 2025; Liu et al., 2024; Servantez er al., 2024,
Li et al., 2025]. However, these text-based CoTs are limited
by the modality gap: since complex, continuous visual infor-
mation, such as the exact contours of a tumor or subtle texture
variations, is forcibly projected into discrete textual descrip-
tions (e.g., merely stating irregular shape), they fundamen-
tally lead to lossy representations of data and therefore also
lose precision. Thus, neither paradigm succeeds in providing
the pixel-level grounding necessary for high-stakes medical
decision-making and so leaves the interpretability gap largely
unbridged and clinicians without a reliable way to verify the
model’s focus.

To address these challenges, we propose MedVCoT, the
first approach to incorporate a Visual Chain-of-Thought (Vi-
sual CoT) into medical VQA. Different from traditional
methods, which only perform reasoning in the text space,
our model generates a sequence of continuous latent visual
tokens autonomously within a separate thought horizon (de-
noted as <think> tags) before answering. These tokens
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Figure 1: Comparison of reasoning paradigms in Medical VQA. (a) General VLMs operate as uninterpretable black boxes. (b) Text-only CoT
suffers from visual information loss due to the modality gap. (c) Our MedVCoT incorporates a Visual Chain-of-Thought , ensuring strong

interpretability and high accuracy.

act as a bridge between linguistic reasoning and visual per-
ception. In particular, under the guidance of the specialized
medical visual expert MedSAM, the VLM learns to generate
these tokens as an intermediate reasoning output. These gen-
erated tokens can be further mapped with a projector to trig-
ger MedSAM to decode explicit segmentation masks. This
mechanism forces the model to “see” and localize the lesion
in latent space before “speaking” the diagnosis so as to en-
sure that answers are causally predicated on verifiable visual
evidence.
Our contributions are threefold:

* Pioneering Framework for Latent Visual Reasoning in
Medical VQA: We propose MedVCoT, the first medical-
VQA-specific framework that performs reasoning through
continuous latent visual embeddingsinstead of discrete text
tokens. Through incorporating a Visual Chain-of-Thought
mechanism, MedVCoT enables the model to carry out
structured visual introspection within a latent thought hori-
zon, ultimately bridging the modality gap that constrains
conventional vision-language models.

* Verifiable Interpretability with Latent-to-Mask Projec-
tion Projection: Contrary to black-box systems, MedV-
CoT generates verifiable visual evidence for interpretability
in addition to textual diagnoses. The generated latent visual
tokens of VLM during reasoning can be projected to trig-
ger MedSAM for decoding pixel-level masks, guaranteeing
that decisions are interpretative and clinically reliable.

* State-of-the-art Performance across Multiple Bench-
marks: We achieve state-of-the-art performance across
multiple medical VQA benchmarks, such as VQA-RAD,
SLAKE and PathVQA. The levels of performance of Med-
VCoT in fine-grained diagnostic tasks are vastly superior to
those of currently available open-source and closed-source
models.

2 Related Work

Evolution of Medical Vision-Language Models. Medical
VQA originated from contrastive learning paradigms, includ-
ing BiomedCLIP [Zhang et al., 2023] and PubMedCLIP [Es-
lami et al., 2023], which provided strong baselines of re-
trieval and classification [Radford et al., 2021]. The rise of
general VLMs (e.g., GPT-4o [Hurst et al., 2024], Gemini
2.0 [Comanici et al., 20251, Qwen2.5-VL [Bai et al., 2025],
InternVL3 [Zhu er al., 2025]) further strengthened special-
ized medical models, such as LLaVA-Med [Li et al., 2023;
Liu et al, 2023], BiMediX2 [Mullappilly et al., 2024],
HuatuoGPT-Vision [Chen et al., 2024], UniMedVL [Ning et
al., 2025], MedDr [He et al., 2024], EchoGPT [Xu et al.,
2025b] and Lingshu [Xu et al., 2025c¢], these powerful back-
bones were adapted by domain-specific instruction tuning or
data reformatting. Nonetheless, they consider medical VQA
as an image captioning problem and lack explicit grounding
for lesion localization. In contrast, our method introduces
a Visual Chain of Thought, where an expert for medical vi-
sual reasoning (MedSAM [Ma et al., 2024]) steers the VLM
towards the explicit generation of continuous visual tokens
while reasoning. The generated tokens can be decoded into
segmentation masks, bridging the modality gap between tex-
tual reasoning and fine-grained visual perception.

Evolution of Chain-of-Thought Reasoning. The Chain-
of-Thought (CoT) paradigm [Wei et al., 2022] has trans-
formed the way that LLMs perform reasoning by embed-
ding intermediate steps in few-shot exemplars. This paradigm
has been quickly advanced with progressions including self-
consistency decoding, least-to-most decomposition, and Tree
of Thoughts (ToT) [Wang et al., 2022; Zhou et al., 2022;
Yao et al., 20231, as well as generalization to medical, legal
and coding domains [Liu et al., 2024; Servantez et al., 2024;
Lietal.,2025]. GLM-4.1V-Thinking [Hong et al., 2025] uses
reinforcement learning with discrete textual chain-of-thought
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reasoning. Nevertheless, discrete text spaces have difficulty
in representing fine-grained visual information for multi-
modal tasks. To overcome this “modality gap,” recent work
has turned to latent space reasoning: AURORA [Bigverdi et
al., 2025] and Mirage [Yang et al., 2025] introduced percep-
tion tokens and machine mental imagery for enhanced visual
detail, whereas Chain-of-Visual-Thought (CoVT) [Qin er al.,
2025] established an autoregressive framework based on con-
tinuous latents for end-to-end visual reasoning. Inspired by
these advancements, we propose MedVCoT by introducing
this visual chain-of-thought mechanism to the medical do-
main. Our method bridges visual information and textual di-
agnostic reasoning, leading to dramatically improved inter-
pretability and accuracy.

3 Method

3.1 Problem Formulation

Let I denote a medical image, () a medical question, A the
ground truth answer, and M ground truth segmentation masks
decoded by a medical visual expert (MedSAM). Then our aim
is to model the joint generation probability P(A, T,;s|I, Q).
Here, T),;s is a series of continuous latent visual tokens im-
plicitly generated explicitly within a thought horizon (e.g.,
<think>...</think>). Unlike original VQA, which di-
rectly maps P(A|I,Q), MedVCoT forces the T,;; to serve
as an interpretable bottleneck, these tokens must be decod-

able into a predicted mask M~ M, 4t by a visual expert, thus
grounding the final textual answer A in verifiable visual rea-
soning.

3.2 Overall Framework

We propose MedVCoT, a medical vision-language frame-
work that incorporates explicitly visual reasoning in the di-
agnosis. The architecture consists of three main parts: a
fine-tuned Vision-Language Backbone (Qwen2.5-VL-7B), a
Latent Visual Projector, and a Medical Visual Expert (Med-
SAM). The projector is conceived as a.lightweight cross-
attention module where it leverages a linear layer to project
the latent visual tokens of a visual expert into keys and val-
ues for attention with a set of learnable queries g, yielding
aligned visual embeddings. The overall framework and the
main workflow of MedVCoT are depicted in Figure 1.

Given a medical image [ and a medical question @, the
backbone firstly processes inputs to trigger a Visual Chain-of-
Thought (Visual CoT) mechanism. Instead of just generating
the textual answer, the model can autonomously generate a
sequence of continuous Latent Visual Tokens 7T7;s enclosed
within ©’ tags. These tokens represent a dense and semanti-
cally rich representation of the spatial characteristics of the
lesion in the latent space.

Subsequently, T,;s is projected by the projector to the
prompt embedding space of the frozen MedSAM decoder.
MedSAM then decodes these embeddings to a fine-grained
predicted segmentation mask M with explicitly visual
grounding of the model’s focus. Lastly, given the input via
context (I, Q) as well as the generated visual rationale (T7;s),
the backbone generates the final textual answer A. This

Algorithm 1 Training Process of MedVCoT

Input: Training dataset D = {(I;, Q;, A;)}X_,, VLM back-
bone My, Projector P, (Cross-Attention), Medical Visual
Expert (MedSAM) consisting of Encoder ., and Decoder
Dsam~

Parameter: Learnable Query Vectors q (N = 8), Learning
rate 1), Loss weights A,

Output: Optimized parameters 6*, ¢*, q*

1: Initialize: Load pre-trained weights for My and Med-
SAM; Initialize Py and q.

2: Freeze: Vision Tower of My, Esams Psam.-

3: Trainable: 0y .ra, Py, q.

Stage 1: Medical Feature Alignment

4: for each batch (I, Q, A) in D do
Construct prompt: X;,, = [1, Q, Esam (I)]-
6:  Forward pass: Apyeq, Hyis = Mo(Xin).
// Hyis: hidden states of Esqm (I)

7:  Visual projection:

Tproj = P¢(Hvisa OI), M = DsanL(Tproj)~
8:  Get GT masks: My, = Filter(MedSAM(I)).
9: Estagel h Etczt (Apredv A) + )\visﬁvis (M7 Mgt)-
10:  Update parameters: 6%, ¢*, q* < Optimizer(Lstqge1)-
11: end for

bed

Stage 2: Visual Reasoning Learning

12:-for each batch (I, @, A) in D do
13: Generate sequence with visual thoughts:
Apreda Tvis = M@(-L Q)
14:  Project thoughts to visual embeddings:
Tproj = qu(Tvisa q)- ~
15:  Decode predicted masks: M = Dsam(Tpmj).
16:  Get GT masks: My, = Filter(MedSAM(I)).
17: £stage2 = £tea:t (Apreda A) + )\vis‘cvis (M7 Mqt)~
18:  Update parameters: 6%, ¢*, q* <— Optimizer(Ls;qge2)-
19: end for

Stage 3: Instruction Tuning with Dynamic VCoT

20: for each batch (I,Q, A) in D do

21:  Sample Bernoulli indicator: k& ~ Bernoulli(p).

22: Lstage?) = £tea:t +k- Avis[wi&

23:  Update parameters: 6, ¢*, q* <— Optimizer(Ls;qge3)-
24: end for

25: return 6*, ¢*, q*

makes the diagnosis not just a statistical hallucination but
with a causal connection to verifiable visual evidence M, and
it consolidates perception, reasoning, and generation into a
unified framework.

3.3 Training Pipeline

In order to effectively endow the model with medical-visual
reasoning capability, we propose a progressive three-stage
training strategy (shown in Figure 2). During all stages, the
MedSAM expert is frozen to keep its pre-trained medical seg-
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Figure 2: Training Pipeline of MedVCoT.

mentation ability.

Stage 1: Medical Feature Alignment. In this stage, we
want the visual encoder’s representations to be aligned with
the LLM’s semantic space. The model processes medical
image-text pairs, where the input question accompanies the
special tokens (e.g., <sam_pad>). The output hidden states
from the LLM are divided into two streams: (1) Textual
Stream: The states for textual answer tokens are processed
by the language model head to compute the Text Loss L;c.+
using a common Cross-Entropy loss. (2) Visual Stream:
The states for the special visual tokens are extracted and
mapped by the projector to prompt the MedSAM decoder,
and then segmentation masks are generated. Such predictions
are guided by the Visual Loss £,;; with respect to ground-
truth masks. This dual-task objective effectively provides a
way to align visual features and diagnostic semantics in the
beginning.
The total loss for Stage 1 is:

ﬁStagel = Etemt + )\visﬁvis

Here, Ltext is the standard Cross-Entropy loss for next-token
prediction, and \,;s is a hyperparameter balancing the textual
and visual objectives. Simultaneously, the Visual Loss L,;
supervises the quality of the generated visual tokens by com-
paring the decoded masks M with the ground-truth masks
M, (automatically distilled from MedSAM with stability-
based quality filtering):

Evis = EDice(M7 Mgt) + AfocalﬁFocal (M7 Mgt)

Here, £ p;.. guarantees global shape overlap, while £ pocq;
forces the model to focus on hard-to-classify boundary pixels.

Stage 2: Visual Reasoning Learning. In this stage, we in-
tegrate visual representation learning and diagnostic reason-
ing into one training process. We guide the model to au-
tonomously generate explicit visual evidence before gener-
ating the ultimate diagnosis. In particular, the model is re-
quired to generate a structured output sequence: it first gener-
ates continuous latent visual tokens in order to capture pixel-
level lesion traits and then uses these variables as rationale-
grounded evidence to generate the textual answer. We freeze
the vision tower and update our projector and query vectors,
as well as LoRA parameters. Meanwhile, we employ a joint
optimization strategy in order to balance between visual qual-
ity and diagnostic accuracy. The overall loss for Stage 2 is
given by:

ES’tage2 = ‘Cte:ct + Aviscvis

where \,;s balances the two objectives (set to 1.0 by de-
fault). The Text Loss Liey: (Cross-Entropy) ensures the
model follows the instruction to generate the correct reason-
ing path and final answer. This hybrid objective enforces a
strict causal dependency: the model must “see” the lesion cor-
rectly (via L,;s) to answer the question correctly (via Licyt).

Stage 3: Instruction Tuning using Dynamic Visual CoT.
In this stage, to facilitate the model for application in complex
clinical scenarios and improve its robustness, we conduct in-
struction tuning for MedVCoT on fine-grained medical clin-
ical VQA datasets. We introduce a dynamic visual CoT ap-
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Model VQA-RAD VQA-Med SLAKE PathVQA Overall
All Open All All Open All Open
Closed-Source
GPT-40 [Hurst et al., 2024] 54.5 46.9 60.0 68.3 65.1 31.3 16.7 41.8
Gemini2.0-flash [Comanici et al., 2025] 58.3 58.1 59.6 70.1 66.1 41.8 26.5 49.5
Open-Source(<10B)
Bimedix2-8B [Mullappilly et al., 2024] 53.4 36.9 49.6 54.3 54.4 28.6 9.0 36.3
Llava-Med-v1.5-7B [Li et al., 2023] 47.2 31.8 38.0 48.9 42.4 34.3 6.8 37.6
Qwen2.5-VL-7B [Bai et al., 2025] 61.9 46.4 48.4 65.3 59.5 34.8 9.5 43.3
HuatuoGPT-Vision-7B [Chen et al., 2024] 64.3 49.7 58.4 64.5 59.1 36.3 12.3 44.8
InternVL3-8B [Zhu et al., 2025] 51.0 35.8 58.8 70.3 64.9 394 12.8 47.5
GLM-4.1V-9B-Thinking [Hong et al., 2025]  60.1 43.0 55.6 67.2 64.7 46.8 31.9 52.2
Lingshu-7B [Xu e al., 2025¢] 67.2 559 57.4 80.6 78.9 584 29.6 63.5
Open-Source(>10B)
HuatuoGPT-Vision-34B [Chen er al., 2024] 65.6 52.5 62.8 67.1 62.4 36.0 12.4 45.4
InternVL3-14B [Zhu et al., 2025] 45.5 25.7 59.0 70.5 66.5 41.0 13.1 48.4
Qwen2.5-VL-32B [Bai et al., 2025] 49.2 46.4 57.8 75.6 70.2 39.3 14.0 48.5
MedDr-40B [He et al., 2024] 59.2 39.1 47.4 65.8 58.2 45.8 15.9 50.8
UniMedVL-14B [Ning et al., 2025] 68.5 48.0 59.2 779 70.8 51.9 26.7 58.7
Ours
MedVCoT-7B (Ours) 69.2 57.5 614 82.8 83.5 64.0 359 68.1
+1.0% -1.0% -2.2% +2.8% +58% +9.6% +21.1% +7.2%

Table 1: Comparison of different models on medical VQA datasets. *All” denotes overall accuracy, ’Open’ denotes accuracy on open-ended

questions. Best results are bold, second best are underlined.

proach mechanism with a Bernoulli-driven strategy. This pro-
cedure stochastically decides whether it should generate the
full sequence of visual reasoning tokens or if it will opt out
of that for straight text inference. This promotes the model to
be flexible about whether or not explicit visual grounding is
desired, while preserving the opportunity for direct diagnosis
if required. The optimization target for this stage incorpo-
rates a dynamic indicator function k ~ Bernoulli(p), where
p represents the probability of activating the visual reasoning
path.

ﬁStageS = £temt +k- Avisﬁvis

When k& = 1 (Keep): The model generates visual tokens,
and the loss includes both text supervision L.;; and visual
reconstruction supervision L,;s. When k& = 0 (Drop): The
visual generation path is deactivated, and the model is op-
timized solely via L;e;¢, simulating scenarios where visual
evidence is implicit or reasoning is purely linguistic.

4 Experiments

4.1 Datasets and Evaluation Metrics

We evaluate our method on four diverse medical VQA bench-
marks: VQA-RAD [Lau ef al., 2018], a manually curated ra-
diology dataset containing 315 images and 3,515 QA pairs
verified by clinicians; SLAKE [Liu er al., 2021], a bilin-
gual dataset with 642 annotated images (CT/MRI/X-ray) and
14k QA pairs, incorporating rich semantic labels; PathVQA

[He et al., 2020], the first large-scale pathology VQA dataset
with 4,998 images and over 32k open-ended QA pairs derived
from medical textbooks; and VQA-Med 2019 [Ben Abacha
et al., 2019], a radiology-focused challenge dataset with
4,200 images and 15k QA pairs covering modality, plane, or-
gan, and abnormality categories. For all datasets, we adopt a
standard random split, using 80% of the data for training and
20% for testing. All experiments were conducted on a server
equipped with two NVIDIA A800 GPUs.

Primary metrics include overall (All’) and open-ended
(’Open’) accuracy. To ensure robust evaluation against med-
ical terminology variations, we utilize GPT-40 as a semantic
judge, explicitly instructing it to “determine if the prediction
is semantically consistent with the ground truth, prioritizing
core meaning over phrasing.” This protocol effectively han-
dles clinical synonyms and ignores irrelevant surface-level
discrepancies.

4.2 Main Results

We benchmarked MedVCoT against 14 leading models, in-
cluding closed-source (GPT-40, Gemini 2.0) and open-source
(Qwen2.5-VL, LLaVA-Med, Lingshu, etc.) baselines, across
four medical VQA datasets. For a fair comparison, all base-
line models were evaluated using their official pre-trained
weights directly on the test sets under a unified evaluation
protocol.

As shown in Table 1, MedVCoT achieves superior overall
performance with an average accuracy of 68.1%, outperform-
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ing all competitors, including the previous SOTA open-source
model Lingshu-7B (+7.2%) and the closed-source Gemini 2.0
(+37.5% relative improvement). This advantage is particu-
larly pronounced in tasks requiring fine-grained visual per-
ception. On SLAKE, which features rich semantic annota-
tions, our model achieves an Open accuracy of 83.5%, signif-
icantly surpassing Lingshu (78.9%) and UniMedVL (70.8%).
Notably, on the challenging PathVQA dataset, our Open
accuracy reaches 35.9%, a substantial 21.1% improvement
over the runner-up Lingshu (29.6%). These results strongly
demonstrate that incorporating an explicit Visual Chain-of-
Thought effectively bridges the gap in lesion localization and
fine-grained feature recognition inherent in traditional VLMs.
Although slightly outperformed by HuatuoGPT-Vision-34B
on VQA-Med (-2.2%), this marginal gap is primarily at-
tributable to the significant disparity in model parameter scale
(7B vs. 34B), yet our model maintains exceptional compet-
itiveness in open-ended reasoning tasks even with a much
lighter architecture.

901 —s— VQA-RAD
VQA-Med
—+— SLAKE
—— PathVQA
—— Overall

o ~ ©
o o o

Accuracy (%)

U
o

40

30
Baseline Stage 1 Stage 2 Stage 3

Figure 3: Ablation study on different training stages across four
datasets.

4.3 Ablation Study

Based on the ablation study visualized in Figure 3, we ana-
lyze the cumulative impact of our three-stage training strat-
egy compared to the baseline [Bai et al., 2025; Qin et al.,
2025]. The baseline model, lacking domain-specific adapta-
tion, achieves a modest overall accuracy of 43.3%.

Stage 1 (Feature Alignment) provides the most significant
initial boost, propelling overall accuracy to 59.8% (+16.5%).
This sharp rise is particularly evident in PathVQA (+22.9%)
and VQA-Med (+11.4%), indicating that establishing a foun-
dational mapping between the VLM latent space and medical
visual features is crucial for basic domain competency.

Stage 2 (Visual Reasoning Learning) introduces the Vi-
sual CoT mechanism, yielding steady gains (overall +1.3% to
61.1%). While improvements on VQA-RAD and PathVQA
confirm the benefit of reasoning capabilities, a slight dip
in VQA-Med suggests that learning to reason without task-
specific tuning may introduce complexity that temporarily af-
fects performance on simpler tasks.

Stage 3 (Medical Tuning) delivers the final qualitative
leap, surging overall accuracy to 68.1% (+7.0%). The most
dramatic improvement is observed on SLAKE (+14.6%),
where instruction tuning and robust training strategies (e.g.,
random token dropping) fully unlock the model’s poten-
tial for complex, semantically rich queries. This trajectory
43.3% — 59.8% — 61.1% — 68.1%) confirms that while
feature alignment lays the groundwork, the integration of ex-
plicit visual reasoning and domain-specific tuning is essential
for achieving state-of-the-art performance.

Endo DigP

us PET

—— MedVCoT(ours)
Gemini 2.0 Flash

HuatuoGPT-Vision-7B —— LLaVA-Med
—— InternVL3-8B Qwen2.5-VL-7B

= GPT-40 —— InternVL3-14B Qwen2.5-VL-32B
—— BiMediX2 Med-Dr —— UniMedVL
HuatuoGPT-Vision-34B Lingshu-7B GLM-4.1V-Thinking

Figure 4: The radar chart illustrates the accuracy comparison of
MedVCoT and other SOTA models across diverse medical modali-
ties. Abbreviations: DigP (Digital Photography), Hist (Histopathol-
ogy), Mamm (Mammography), Angi (Angiography), Endo (En-
doscopy), Derm (Dermoscopy), Micr (Microscopy), US (Ultra-
sound).

4.4 Fine-grained Capability Analysis

To rigorously assess robustness and generalization bound-
aries, we extend beyond aggregate metrics to conduct a fine-
grained capability analysis based on imaging modalities. We
categorize test samples into 14 distinct sub-categories , span-
ning macroscopic imaging (e.g., Dermoscopy, Endoscopy),
microscopic pathology (e.g., Histopathology), diverse radi-
ological modalities (e.g., CT, MRI, X-ray), and a miscella-
neous ’Others’ class. This stratified evaluation comprehen-
sively profiles the model’s consistency across varying imag-
ing mechanisms and anatomical structures, elucidating its
cross-modal strengths.

As illustrated in Figure 4, MedVCoT (dark blue line)
demonstrates superior comprehensive performance, with
its envelope area significantly encompassing all baselines.
Specifically, our model maintains a decisive lead in common
modalities such as MRI, CT, and Fundus, while exhibiting ex-
ceptional stability in challenging tasks like Histopathology.
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Figure 5: Qualitative comparison between MedVCoT and baseline models (Lingshu-7B, GLM-4.1V-9B-Thinking). MedVCoT generates
latent visual tokens that can be decoded into visible masks, grounding the diagnosis in verifiable pixel-level evidence and significantly

enhancing interpretability.

Although a slight performance dip is observed in-the ’Oth-
ers’ category, this is attributable to its extreme data scarcity
(accounting for only 0.22% of the dataset), which has negli-
gible impact on overall clinical utility. These results strongly
suggest that the explicit Visual Chain-of-Thought effectively
enhances perceptual sensitivity to diverse features, providing
reliable decision support across multi-disciplinary diagnos-
tics.

4.5 Case Studies

To qualitatively assess the reasoning logic in authentic clini-
cal scenarios, we select three representative and challenging
cases covering anatomical localization, injury differentiation,
and specimen identification, comparing MedVCoT against
two strong baselines. As illustrated in Figure 5, baseline
models, despite incorporating textual CoT capabilities, still
lack explicit visual grounding mechanisms and tend to rely
on surface-level feature matching or hallucinations. For in-
stance, in the first case, both baselines failed to correctly dis-
tinguish the anatomical orientation of the four-chamber view,
consistently misidentifying the structure as an atrium rather
than the ventricle. In the second case, they misclassified ob-
vious lacerations as petechiae or provided vague descriptions
lacking diagnostic precision. Furthermore, in the specimen
identification case, both baselines hallucinated reproductive

organs (uterus or testicular tissue) instead of correctly recog-
nizing the abdominal tissue.

In contrast, MedVCoT, by activating a Visual Chain-of-
Thought (Visual CoT) within the latent space, first generates
precisely aligned anatomical segmentation tokens. This pro-
cess acts as a visual introspection prior to answering. This
mechanism enables the model to explicitly localize key evi-
dence and structurally connect it with global semantics, re-
sulting in correct predictions across all cases. These quali-
tative results robustly validate that incorporating visual rea-
soning steps in the latent space not only improves diagnostic
accuracy but also significantly enhances the interpretability
and transparency of the model’s decision-making process.

5 Conclusion

This study successfully develops and validates MedVCoT, a
medical VQA framework that bridges modality gap via a Vi-
sual Chain-of-Thought. By generating continuous latent vi-
sual tokens, MedVCoT enhances both diagnostic accuracy
and clinical interpretability through verifiable segmentation
masks. Our model demonstrates state-of-the-art performance
across four authoritative benchmarks. Future work will ex-
plore scaling MedVCoT to larger-parameter models to verify
its universality and integrate diverse visual experts to opti-
mize the Visual CoT.
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