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Abstract

Reasoning transparency and accuracy are critical to the implementation of AI algo-
rithms in medical applications. However, modern medical visual-language models
(VLMs) often generate conclusions without explicit reasoning, limiting clinician
trust and potentially compromising the quality of diagnosis. Reasoning-focused
VLMs remain confined to basic VQA datasets (e.g., A-OKVQA), while medical
VLMs lack reasoning transparency, modularity, and output refinement capabili-
ties. We introduce Medical Visual Chain-of-Thought Processing (MedVCTP), a
training-free framework implementing a structured See–Think–Confirm pipeline.
The See stage extracts global and regional visual concepts via advanced visual
encoders. The Think stage generates reasoning-grounded answers through LLM-
based chain-of-thought processing. The Confirm stage iteratively refines rationales
via multi-shot prompting and cross-modal CLIP-based consistency checks, aligning
reasoning with visual context to mitigate hallucination and enable visual grounding.
Our modular design supports rapid deployment with interchangeable components
for scalable performance. On SLAKE, MedVCTP achieves 85.8% accuracy-a
19.4% improvement over ablations without CLIP refinement—demonstrating that
iterative cross-modal validation directly enhances both accuracy and reasoning
coherence. These results establish MedVCTP as a step toward reliable, explainable
medical visual reasoning systems deployable without task-specific training. Code
and artifacts are available at https://github.com/Carrote-s/MedVCTP.

1 Introduction

Reasoning transparency and accuracy are critical to the implementation of AI algorithms in medical
applications [26]. However, modern medical visual-language models (VLMs) often generate conclu-
sions without explicit reasoning [23], limiting clinician trust and potentially compromising the quality
of diagnosis. To overcome these limitations, transparent reasoning is crucial in AI, as it explains
the logic behind a decision and the boundaries that govern its conclusions, allowing healthcare
professionals to examine predictions with greater care [19]. Moreover, powerful reasoning-focused
VLMs in broader domains tend to focus on basic VQA datasets, making them difficult to adapt to
specialized tasks such as medical visual question answering (Med-VQA) [31]. Additionally, high
stake fields such as medicine require medical conclusion refinement to minimize visual hallucination,
which is also a gap in many medical VLMs.

Recent work has attempted to address these gaps. Since reasoning and chain-of-thought prompting
are known to improve complex problem solving [35], Visual Chain-of-Thought Prompting (VCTP)
was introduced to improve rationale transparency and accuracy in VQA [5]. Although VCTP
demonstrates the potential of CoT reasoning, we argue that its focus on standard VQA datasets [5]
limits its transferability to various complex domains, such as medicine. Alternatively, reinforcement
learning has been applied to improve reasoning quality in visual language medical models [23].
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Figure 1: Overview of the MedVCTP (Medical Visual Chain-of-Thought Processing) framework. The
diagram illustrates the three-stage See–Think–Confirm reasoning pipeline, where visual features are
extracted, interpreted via chain-of-thought prompting, and refined through cross-modal verification.

However, we note that these methods have several limitations: (1) They rarely incorporate chain-
of-thought reasoning or iterative refinement loops; (2) Their reliance on narrow visual encoding
limits their ability to generalize across modalities; and (3) They are difficult to refine due to a lack
of modularity. Approaches such as MC-CoT [36] have shown the benefits of structured reasoning
in Med-VQA, significantly improving zero-shot performance by integrating multimodal medical
knowledge. A large gap in such papers is their lack of addressing hallucination, where a lack of
diagnosis refinement or grounding in visual images brings space in for inaccurate answers and
hallucination.

To bridge these gaps, we propose MedVCTP, a modular, visually grounded reasoning pipeline adapted
from the VCTP framework [5]. MedVCTP splits the Med-VQA process into three modules, See,
Think, and Confirm, enabling interpretable reasoning that leverages both visual and textual cues.
This design improves reasoning quality and transparency, supports iterative refinement, and boasts a
modular design for medical applications. MedVCTP integrates visual and textual cues into a modular
reasoning framework, allowing iterative refinement of intermediate conclusions and direct grounding
of rationale in observed anatomical features. MedVCTP is one of the first pipelines to directly utilize
medical CoT prompting not only to generate rationales, but to attend to important visual concepts for
reasoning. Additionally, a central objective of MedVCTP is to provide not only transparent, but also
accurate rationales. By utilizing similarity scores to compare generated rationales with respect to
images, MedVCTP iteratively refines such rationales to mitigate hallucination and improve visual
grounding of rationales in such images. Moreover, MedVCTP boasts high generalizability by using
state-of-the-art visual encoders [20] and prompting methods [3] that allow for dataset specific tuning.

As illustrated in Figure 1, MedVCTP mirrors the reasoning process clinicians follow [6]. First, the
model identifies and characterizes anatomical structures and their relationships, including structures
such as organs and tumors, and various characteristics such as shape, size, image quality, plane, and
other features. After analyzing the question type to determine the required information, the model
selects the most relevant concepts and relationships to generate a final rationale that integrates these
observations into a coherent, interpretable answer. In our pipeline, we add a loop at the end that
iterates through the Think and Confirm stages, based on a score the model assigns to a rationale to
determine how visually grounded it is. This score is a CLIP similarity score, measuring the similarity
between the image and the rationale to prevent hallucination [27]. By doing so, MedVCTP ultimately
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generates rationales that are visually grounded in medical images, that stay on topic with respect to
both the question and the image.

For example, when answering the question, “Where is the abnormality?” (Figure 1), the pipeline
first identifies the brain as the primary organ and detects a hyperintense region on the right side,
characterized by irregular shape and bright signal intensity. It then determines that the question
focuses on detecting an abnormality and its location, causing the model to prioritize relevant positional
and pathological information. The model ultimately concludes that the abnormality is on the right
side of the brain, based on the hyperintense signals and irregular shape observed in that region. This
step-by-step reasoning mirrors how clinicians approach similar tasks [6] and provides transparent
evidence supporting the conclusion.

Contributions.

• Modular, training-free Med-VQA with visual grounding. We adapt and extend a
See–Think–Confirm pipeline to clinical imaging, coupling global and region-level captions
with chain-of-thought prompting. The design is inference-only and component-swappable
(encoders / LLMs / verifiers), and works with or without bounding boxes.

• Iterative cross-modal verification to curb hallucination. A BiomedCLIP-based cosine-
similarity check scores image–rationale alignment and triggers revision until a grounding
threshold or iteration cap is reached, yielding interpretable, clinically relevant rationales.

• Competitive accuracy with lightweight models + reproducibility. On SLAKE close-
ended questions, MedVCTP attains 85.8% accuracy using Llama 3.1 8B and MedGemma,
+19.4 points over an ablation without verification. We include anonymized prompts, few-shot
exemplars, and implementation details for replication.

MedVCTP does these while maintaining modularity for domain adaptation.

2 Related Works

2.1 Medical VQA

PMC-VQA and Generalist Model Baselines PMC-VQA [43] reframes medical VQA as a genera-
tive task, aligning a vision encoder with a language model and introducing a 227k-pair dataset. It
outperforms generalist models like Open-Flamingo [2] and BLIP-2 [13], reaching 78% on VQA-RAD
[12]. However, it lacks explicit reasoning (e.g., chain-of-thought), limiting interpretability.

Reinforcement Learning–Driven Reasoning MedVLM-R1 [23] enhances reasoning in medical
VLMs using the GRPO reinforcement learning method [30] and supervised fine-tuning. Despite its
compact 2B-parameter size and training on only 600 MRI samples, it achieves 95.3% in-domain
accuracy and 70% on CT and X-ray, outperforming much larger models. RL encourages more
structured, clinically meaningful outputs, but limited modality exposure and lack of chain-of-thought
or refinement loops restrict generalization. Similar approaches, such as Med-R1 [11] and RARL [25],
improve reasoning via RL but treat it as a single, non-modular process.

Models Evaluated on the SLAKE Dataset Recent work in medical VQA has explored a variety
of architectures. LLaDA-MedV [7] is a fine-tuned diffusion model that uses an iterative de-masking
process to generate responses. M212 [15] is another fine-tuned model that utilizes self-supervised
learning for VQA. Other traditional approaches, such as VGGseg+SAN and VGG+SAN [18], utilize
a VGG-19 CNN [18] for image feature extraction and a Stacked Attention Network (SAN [38])
to answer questions, with VGGseg+SAN incorporating image segmentation. Unlike these models,
MedVCTP focuses on a modular reasoning framework.

2.2 Improving Chain-of-Thought in VQA

Chain-of-thought (CoT) prompting improves reasoning in LLMs by decomposing complex problems
into intermediate steps, as shown by [35] with PaLM 540B. Extending this to VQA, recent work
integrates CoT with visual grounding to enhance interpretability and accuracy. Visual Chain-of-
Thought Prompting (VCTP) [5] introduces a modular pipeline—see, think, confirm—that combines

3



visual grounding (VinVL [40], BLIP [14]), reasoning with LLMs (OPT [42], Llama [34]), and
verification via CLIP [27]. Iterating this process yields higher accuracy and more coherent rationales,
outperforming baselines like BLIP-2 [13] and PICa [37] on A-OKVQA [28] and OK-VQA [21].
While VCTP validates the value of modular CoT in VQA, it has been tested mainly on general
datasets, not medical domains.

2.3 Image captioning

BLIP-2 Image captioning, born from linking computer vision and NLP, has driven advances in
vision–language models. BLIP-2 bridges the modality gap by combining frozen image encoders and
large language models with a lightweight Querying Transformer [13]. Using a two-stage pretraining
strategy, it outperforms larger models like Flamingo-80B [1] on VQA and captioning tasks with far
fewer trainable parameters. While effective for general applications, BLIP-2 was not designed for
medical use, a gap later addressed by MedBLIP [4].

Medical Image Captioners Medical image captioning (MIC) requires clinically precise and
semantically rich descriptions, making general-purpose VLMs like BLIP [14], BLIP-2 [13], Gemini
[32], and ViT-GPT2 [10] prone to generic or inaccurate outputs. Fine-tuning on domain-specific
datasets such as ROCO [24] improves radiology captioning, with BLIP-2 variants and ViT-GPT2
showing better accuracy and interpretability after adaptation [16]. However, such fine-tuning often
limits generalizability. MedGemma (4B, 27B) [29], built on the Gemma 3 architecture [33] with a
medically tuned SigLIP encoder [39] (MedSigLIP), addresses this by combining general multimodal
strength with specialized medical understanding, advancing performance in both VQA and image
captioning.

2.4 BiomedCLIP

Visual grounding techniques originated from CLIP models, which compute similarity scores between
text and images. BiomedCLIP [41] adapts this approach for medical applications, introducing PMC-
15M [43], a diverse dataset of 15 million image-text pairs. Using a pre-trained BiomedCLIP model,
they achieve state-of-the-art results for biomedical imaging tasks including VQA, concluding that
large-scale pretraining on diverse data is a highly effective method for creating a generalist biomedical
model. This serves as the main cross modal checker for rationale refinement in MedVCTP.

3 Methodology

In this section, we present our novel Med-Visual Chain-of-Thought Prompting (MedVCTP) model,
a comprehensive and robust framework for medical VQA. MedVCTP utilizes a powerful visual
encoder [29] for visual understanding of medical images, a sophisticated reasoning LLM [34] with
specialized prompting functions depicted in Figure 2, guided by a chain-of-thought process, and a
BiomedCLIP model [41] to do a cross verification to prevent hallucination and refine reasoning.

The model is broken up into three distinct and sequential stages: the See, Think, and Confirm modules.
In the See module, the image and its bounding boxes go through a medical VLM, such as MedGemma
[29], to create regional captions for each bounding box. The VLM then generates a global caption
based off the entire raw image, providing a high-level summary of its content. These captions are
generated with specific prompting instructions to guide coherency and accuracy.

See Module The See module converts raw medical images into structured textual representations
for downstream reasoning. Using MedGemma [29], each image generates a global caption describing
the full image and regional captions for every bounding box. For regional captions, MedGemma
receives both the cropped region and the full image as context, along with the region label, ensuring
the LLM [9] can capture key features while retaining broader clinical context. This dual-input
approach prevents MedGemma from misinterpreting isolated crops. Utilizing regional captioning
is optional, as the framework’s modular design allows for quick switches on captioning type. All
generated features are indexed by image ID to enable efficient retrieval in the Think module.

Think Module The Think module serves as MedVCTP’s core reasoning engine. Llama 3.1 Instruct
8B [9], chosen for efficient instruction-following and reasoning, receives the question along with
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Figure 2: Prompt flowchart used in the MedVCTP Think and Confirm stages. It shows how
question–image pairs are transformed into structured prompts for the large-language-model

reasoning process. Example prompts are abbreviated versions of those used in implementation.

the image ID to retrieve relevant global and regional captions from the See module. A specialized
prompting function guides the LLM to focus on pertinent visual information, filtering out irrelevant
context and reducing hallucination. This relevance-focused reasoning ensures that downstream
outputs remain visually grounded and accurate.

Confirm Module The Confirm module performs final reasoning and cross-modal verification.
Precomputed features from the Think stage are fed to a prompting function with 5–7 exemplars; we
decode with temperature 0.3. We then encode the image and the generated rationale with BiomedCLIP,
L2-normalize both embeddings, and compute their cosine similarity s = v̂⊤

imgv̂txt. A rationale is
accepted if s ≥ τ (empirically chosen); otherwise the LLM is prompted to revise, up to K = 3
iterations with early stopping on acceptance. This gating reduces hallucination and yields more
visually grounded, clinically relevant rationales.

Looping Mechanism Using BiomedCLIP [41], a similarity score is computed between the rationale
and its associated image and compared to a threshold optimized for medical VQA through the process.
If the score meets the threshold, the LLM generates a conclusion from the rationale and question.
If not, the LLM receives feedback about insufficient visual grounding, the previous rationale, the
similarity score, and context, and is instructed to regenerate the rationale and conclusion. This
process repeats until the threshold is met or maximum iterations are reached, safeguarding against
hallucination and ensuring outputs remain visually grounded and medically accurate.

4 Experiment

In this section we demonstrate the modularity and reasoning of our approach through accuracy and
an ablation study. We perform the main MedVCTP experiment along with the ablation skipping
cross modal checks. All experiments were performed on a single NVIDIA B200 GPU with 180 GB
of VRAM, provided through the RunPod platform. Our implementation was developed using the
PyTorch framework, leveraging its capabilities for efficient model management and inference. All

5



Table 1: Qualitative examples showing MedVCTP’s step-by-step reasoning on real clinical VQA
cases. Each row lists the question, the model’s generated rationale, and the predicted answer, giving
users insights into visually grounded reasoning.

Question
Model Rationale (MedVCTP’s Output) Predicted

Answer

Is the lung abnormal? A rounded opacity in the left mid-lung field, mea-
suring approximately 4 cm in diameter, suggests
a potential lung abnormality, such as a mass or
tumor. The opacity’s appearance and location in
the periphery of the left lung support this conclu-
sion.

Yes

Are there abnormalities in this
image?

The chest X-ray image shows an enlarged heart,
which is predominantly hypodense, suggesting a
possible abnormality. The heart’s enlarged size is
likely related to prior cardiac surgery, including
multiple pacing leads and a mitral valve replace-
ment.

Yes

Is this image taken via MRI? The image is described as a T1-weighted axial
MRI image of the brain, which directly indicates
that it was taken via MRI. This is further sup-
ported by the imaging characteristics and fea-
tures mentioned, such as hypointense areas and
increased signal intensity.

Yes

prompt templates, prompt engineering details, and configuration specifics for MedVCTP are available
in our GitHub repository.

4.1 Model Details

Open source models are strictly used. We utilize MedGemma 4B instruction-tuned [29] for global
and regional caption generation. Llama 3.1 8B Instruct [9] is selected for concept attendance and
conclusion generation, given its faster inference while maintaining reasoning and accuracy. We use a
max iteration of 3 for our main pipeline and 5 prompts with rationales and conclusions to guide LLM
response and accuracy. Information about caption generation for MedGemma and LLama 3.1 8B is
provided in the repository.

4.2 Dataset and Evaluation Metrics

We test our model on the SLAKE benchmark [17], which provides VQA questions and bounding
box annotations. The total dataset contains 7033 questions excluding Chinese questions, 2167 of
which are close-ended questions with bounding boxes (Yes/No answers). SLAKE provides bounding
box annotations along with raw images and questions for assessing VQA model accuracy. The main
preprocessing steps utilized are isolating the close-ended questions with bounding boxes to create
our main experimental dataset to assess performance. We solely test our model on accuracy for the
close-ended bounding box questions, which are such 2167 questions. We choose SLAKE because of
its high generalization to various datasets due to its coverage of 10 different question types, multiple
modalities, and contains images of many parts of the body. Accuracy is calculated by simply dividing
number of correct answers by total questions answered.

4.3 Baselines

We compare our enhanced reasoning VLM to other models evaluated on SLAKE performance,
including LLaDA-MedV [7], VGGseg + SAN [18], VGG + SAN [18], M212 [15] and PubMedCLIP
[8]. The implementation of an 8B parameter LLM as the core for MedVCTP demonstrates the
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Table 2: SLAKE close-ended (with boxes). Accuracy is %. Baselines are reported from their papers;
MedVCTP is inference-only (no fine-tuning).

Model Accuracy Notes
MedVCTP (ours) 85.8 With CLIP grounding; no fine-tuning
Ablation 66.4 Without CLIP grounding; no fine-tuning
LLaDA-MedV [7] 93.21 Diffusion-based VLM; fine-tuned
VGGseg+SAN [18] 79.84 VGG-19 + segmentation; fine-tuned
VGG+SAN [18] 76.13 VGG-19; fine-tuned
M212 [15] 91.10 Self-supervised; fine-tuned
PubMedCLIP [8] 82.50 CLIP; fine-tuned

accessibility and scalability of the pipeline for future purposes. We create an ablation study by
removing the BiomedCLIP [41] iterative cross-modal check and setting this variant as our baseline
for comparison to our main experiment implementing BiomedCLIP, a relatively quick process given
MedVCTP’s modularity. This is for the purpose of demonstrating the potential performance increase
on medical VQA when utilizing CLIP models for visual grounding. These baseline models aren’t run
directly by us, as results are extracted from respective research papers. We only run the MedVCTP
experiment along with the ablation baseline.

5 Results

Our proposed MedVCTP model achieves 85.8% accuracy on the SLAKE dataset [17], represent-
ing a substantial 19.4% improvement over a baseline ablation study that excludes the cross-modal
verification loop. Notably, our approach employs Llama 3.1 8B Instruct model [9] without specific
fine-tuning, leveraging the MedVCTP pipeline’s reasoning capabilities to achieve competitive perfor-
mance. Our model outperforms several established approaches on SLAKE, including PubMedCLIP
[8], VGGseg + SAN [18], and VGG + SAN [18], demonstrating the effectiveness of reasoning-based
medical VLMs over traditional non-reasoning architectures. However, specialized medical VLMs
including LLaDA-MedV [7] and M212 [15] achieve superior performance, exceeding our model by
6.51% and 5.3% respectively. This suggests that more fine-tuned and powerful state-of-the-art models
outperform our approach that uses a general LLM. LLaDA-MedV is a fine-tuned diffusion model
using an iterative de-masking process to generate more coherent and contextually rich responses
by filling in masked parts of text based on both the user’s question and the visual features from the
image. The remaining performance gap to perfect accuracy underscores the inherent limitations of
employing a general-purpose 8B parameter model, despite instruction tuning, in complex medical
reasoning tasks requiring both visual understanding and domain expertise.

Table 1 shows three examples with the question, generated rationale, and predicted answer. This table
demonstrates the exhaustive reasoning process of the model, improving accuracy and interpretability.

5.1 Ablation

For our ablation study, we tested a baseline version of MedVCTP that excludes the BiomedCLIP [41]
refinement loop. This variant uses the first-pass rationale as its final answer, omitting the iterative
cross-modal check. We set the example prompt for few-shot prompting to 5 examples similar to the
original experiment, and used MedGemma [29] for caption extraction, Llama 3.1 8B Instruct [9]
for concept attendance and conclusion generation, identical to the main experiment. This ablation
resulted in a performance drop of 19.4%, indicating the importance of the cross-modality check.

5.2 Future Works and Limitations

MedVCTP is currently evaluated using lower capacity LLMs and captioners, which doesn’t fully
capture its potential in medical VQA. Additionally, MedVCTP was evaluated on a single dataset
SLAKE, as SLAKE [17] is a large yet exhaustive VQA dataset, providing large amounts of questions
for analysis. In the future, MedVCTP can be evaluated on multiple datasets. Although more powerful
reasoning models such as GPT-4o [22] exist, we did not utilize them due to prohibitive API costs.
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Furthermore, open-ended accuracy was not assessed due to time and resource constraints, which
limits the scope of our findings. Similarly, due to computational costs and the large expanse of
SLAKE VQA we were unable to run multiple independent evaluations.

Another limitation is that the subset of closed-ended questions extracted from SLAKE may have
included knowledge-graph-based questions. Our pipeline did not use the provided knowledge graph
triplets, which may have hindered performance on these specific questions. Lastly, our evaluation
excluded 227 of the 2394 closed-ended questions, as they referred to images where no bounding
box annotations were provided. Although this is the case, our modular design allows for quick
modification to remove the bounding box necessity, to adapt to more datasets. In the future, this
limitation could also be addressed by developing methods to automatically generate bounding boxes
and labels, thereby proposing another solution to improving the model’s generalization. However,
this direction requires substantial further research.

6 Conclusion

In this paper, we introduced a novel approach to medical VQA, MedVCTP, which decomposes the
VQA process into a modular See, Think, and Confirm framework. Through an ablation study, we
demonstrated the importance of our cross-modal refinement module and showcased the approach’s
ability to facilitate complex chain-of-thought reasoning for medical scenarios. While our model
achieves accuracy superior to that of general-purpose methods, it is outperformed by larger, state-
of-the-art, specialized medical VLMs. However, MedVCTP’s modular design allows it to be easily
modified and improved with more powerful LLMs and captioners. MedVCTP’s modular design
facilitates future integration with advanced models and datasets, paving the way for improved,
interpretable medical visual reasoning with reduced hallucination and transparent reasoning.
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