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Abstract

While mainstream vision-language models
(VLMs) have advanced rapidly in understand-
ing image-level information, they still lack the
ability to focus on specific areas designated by
humans. Rather, they typically rely on large
volumes of high-quality image-text paired data
to learn and generate posterior attention maps.
To address this critical issue, we propose lever-
aging visual prompts—simple visual markers
in various forms—to guide and enhance the
formation of region-specific attention. Thus,
we introduce MedVP, a pioneering framework
that integrates medical entity extraction, visual
prompt generation, and dataset adaptation for
visual prompt-guided fine-tuning. We success-
fully outperform recent state-of-the-art large
models across multiple medical VQA datasets.
Extensive experiments and Human evaluation
are conducted to analyze the impact of different
visual prompt forms and how they contribute to
performance improvement. The results demon-
strate both the effectiveness and clinical signifi-
cance of our approach.

1 Introduction

As human beings, we inherently rely on visual cues
or prompts to understand complex visual content
in greater detail. These visual prompts may take
various forms, yet they serve a fundamentally simi-
lar purpose: to direct our attention toward critical
areas that contain rich information.

Current mainstream pre-trained vision-language
models often lack mechanisms to direct their at-
tention to specific areas of interest. Instead, their
attention distribution is formed during training on
specific datasets. However, these pre-trained atten-
tion patterns are not universally applicable, partic-
ularly in specialized domains such as biomedical
images. Consequently, a substantial amount of
high-quality image-text paired data is required to

*Equal Contribution.

Figure 1: The figure illustrates the difference in the rea-
soning process of the Vision-Language Model (VLM)
with and without visual prompts. By emulating how
humans approach vision-language tasks, we use an aux-
iliary visual prompt, akin to pointing at a specific region,
to help the model focus more easily on the relevant de-
tails and generate accurate responses.

fine-tune pre-trained VLMs, ensuring their atten-
tion distribution aligns with medical image charac-
teristics. This need persists despite the availability
of prior knowledge that could guide attention to
more meaningful areas. This intuition also aligned
with active vision (Karasev et al., 2011) and in-
teractively segmentation (Tanida et al., 2023) in
medical domain. Therefore, inspired by the human
recognition process, we propose leveraging visual
prompts—free-form visual markers, such as arrows
or circles, to indicate areas of interest—to guide
VLMs in attending to specific regions during fine-
tuning. This approach facilitates the adaptation of
attention distribution and accelerates the formation
of posterior attention maps in the medical domain.

To be specific, Vision-Language Models (VLMs)
are a class of models designed to process both im-
age and text inputs for cross-modal tasks. Depend-
ing on the specific task, the architecture and pre-
training strategies of these models can vary signifi-
cantly. For the purposes of this discussion, we will
focus specifically on Large Vision-Language Mod-
els (LVLMs), a subset of VLMs that are particu-
larly designed for image-to-language tasks, such as
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Visual Question Answering (VQA) and Image Cap-
tioning. In this line of research, foundation models
such as BLIP-2 (Li et al., 2023) and LLaVA (Liu
et al., 2024b) have significantly influenced the de-
sign of current mainstream LVLMs. Taking LLaVA
as an example, these models are typically com-
posed of an image encoder, a projection layer, and
a Large Language Model (LLM)-driven decoder.

In the majority of Vision-Language Models
(VLMs) (Li et al., 2023; Liu et al., 2024b), pre-
training primarily involves generating descriptions
of image content, which encourages the model to
focus on global visual features rather than specific
regions. During this phase, the attended regions
in images remain unguided, allowing the attention
mechanism to autonomously learn an implicit atten-
tion distribution. As previously discussed, conven-
tional self-attention mechanisms in these models
often struggle to generate region-specific content.
However, certain vision-language tasks, such as Vi-
sual Question Answering (VQA) and Referring Ex-
pression Comprehension (REC), inherently require
the model to attend to specific objects or localized
regions. Learning an effective posterior attention
distribution for a given textual query, however, typi-
cally demands a substantial amount of training data,
making it a challenging problem in vision-language
learning.

To mitigate this problem, recent research (Yang
et al., 2023; Rasheed et al., 2024; Cai et al., 2024;
Zhang et al., 2024; Kirillov et al., 2023) has increas-
ingly recognized the value of visual prompts and
their application in vision-language tasks. Visual
prompts can be categorized as implicit or explicit
concerning the visual inputs. In this study, we will
focus on explicit visual prompts, which are basi-
cally visual markers in various form that can be
directly added to the input images.

Inspired by ViP-LLaVA (Cai et al., 2024), we
decide to add visual markers into the input images
to highlight the Region of Interest (ROI) for the
visual-prompt guided VLMs to focus on impor-
tant regions selected by prior knowledge. How-
ever, current works(Zhang et al., 2024; Cai et al.,
2024; Kirillov et al., 2023) usually assume these
ROIs are provided interactively by human anno-
tators. Given the high cost of acquiring human
annotations in medical images, we propose a novel
method, MedVP (Medical Visual Prompting) that
will automatically generate visual prompts for the
interested region given the context. Specifically,
our framework first extracts entities or relevant key-

words from the queries, as our focus is on med-
ical VQA tasks. Next, we fine-tune an open-set
grounding model that generates coordinates for the
target area based on the identified medical enti-
ties. Finally, these coordinates are used to gen-
erate visual prompts in various formats—such as
scribbles, bounding boxes, or circles—on the in-
put images. Along with the visual-prompted im-
ages, we adapt the text Question-Answer pairs from
SLAKE, VQA-RAD, and PMC-VQA datasets to
ensure that the language decoder becomes aware of
the presence of our visual prompt markers within
the images. For example, we incorporate text such
as "Carefully observe the area in the red box..."
to guide the LLM-driven decoder to focus on the
visually prompted area, ensuring that the model
pays attention to the regions highlighted by the
visual prompts. The visual-prompted images are
fine-tuned with Vision-Language Models (VLMs)
to develop our model, MedVP-LLaVA—the first
medical VLM guided by visual prompts. We find
that our MedVP-LLaVA performs effectively in
medical VQA tasks, significantly enhancing perfor-
mance across multiple datasets.

In conclusion, our MedVP method has at least
the following contribution:

1. We are the first to introduce explicit vi-
sual prompts into medical-specialized Vision-
Language Models, and we validate the effec-
tiveness of visual prompts in enhancing per-
formance for medical VQA tasks.

2. We design a whole framework from extracting
keywords from VQA queries to visual ground-
ing given medical entities, generate the visual
prompts to the images and adapt three VQA
datasets to include the information of our vi-
sual prompts.

3. We then fine-tune the MedVP-LLaVA, a
visual-prompt-aware Vision-Language Model
(VLM) tailored for the medical imaging do-
main, and validate its superiority across multi-
ple medical VQA datasets.

4. We will release the model weights for both
MedVP-LLaVA and the medical grounding
model, which has been trained on a large
dataset. Additionally, we will make our modi-
fied VQA datasets publicly available to accel-
erate research in developing medical VLMs.
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Figure 2: The framework of MedVP: an automated, explicit visual prompt-guided approach for medical vision-
language models. The framework first aligns the model with region-level medical knowledge. Additionally, it
generates explicit visual prompts by leveraging keywords from the question and visual grounding models, integrating
these prompts into medical images to enhance performance on medical VQA tasks.

2 Preliminaries

2.1 Medical Vision Language Model

Medical Large Vision-Language Models (Med-
VLMs) (Li et al., 2024; Chen et al., 2024; Lin
et al., 2023; Xie et al., 2024; Moor et al., 2023;
Qin et al., 2023) combine large language models
(LLMs) with medical-specific visual modules, al-
lowing them to process medical images alongside
clinical queries. When presented with a medical
image, the vision encoder extracts visual features,
which are then transformed by an adapter module
into a format interpretable by the LLM. Utilizing
this multimodal input, the model autoregressively
predicts the next token in the sequence. A critical
capability of these models is Visual Question An-
swering (VQA), where the model is tasked with
answering questions accurately based on the con-
tent of the given image.

2.2 Region-Level Image Understanding

In most VLMs, the input typically consists of both
an image and text, with the model generating re-
sponses by integrating the global information from
the image and the accompanying text input. How-
ever, a common issue arises when the model fails

to focus adequately on local regions and fine de-
tails, which often leads to incorrect answers. In the
domain of natural images, there are three primary
approaches to enhancing large models’ attention to
local image information, one is incorporating learn-
able soft tokens into visual inputs for parameter-
efficient finetuning (Bahng et al., 2022; Khattak
et al., 2023). The second approach is concatenating
an image sequence to demonstrate new tasks (Bai
et al., 2024; Bar et al., 2022), or using Region of
Interest (ROI) features to align language with spe-
cific image regions (Guo et al., 2024), and the third
approach is using grounding regions by overlaying
visual markers (such as masks, boxes, or circles)
onto the visual inputs (Yao et al., 2024; Zellers
et al., 2021). In medical imaging, the focus on
local regions is particularly crucial, as accurate di-
agnosis and assessment of abnormalities typically
require a combination of both local and global in-
formation. However, research on incorporating lo-
cal region attention in Med-VLMs is still relatively
underexplored.
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3 Method

In this section, we outline the proposed method,
detailing the training pipeline and objectives for
Med-VLMs, including the visual prompt extraction
process and fine-tuning downstream medical visual
question-answering tasks.

3.1 Region Level Medical Knowledge
Alignment

Med-VLMs primarily perform alignment training
at the image level, as seen in LLaVA-Med (Li et al.,
2024) using visual instruction tuning (Liu et al.,
2024b) to align medical context and vision knowl-
edge. However, in medical imaging, diagnostic
reasoning often hinges on specific details or local-
ized regions, such as lesions or organs. Failing to
adequately focus on these critical areas can lead to
incorrect model predictions. Therefore, our train-
ing approach ensures that while the model captures
global information, it also strengthens the model’s
focus and understanding of key regions. Specif-
ically, during instruction tuning for Med-VLMs,
we incorporate annotations of local regions in the
images, and the corresponding descriptions contain
text that explicitly references these annotated areas.
Therefore, we call these annotations visual prompts
for the VLMs since they prompt the models to at-
tend to specific areas. Each training sample thus
consists of three components: the medical image
(I), the coordinates of the visual prompts referring
to the region of interest within the image (P), and
the associated text description (T). The description
includes both whole-image-level information and
specific details about the region of interest. Follow-
ing the setting in ViP-LLaVA (Cai et al., 2024), for
the vision part, we merge the image I and its visual
prompts using alpha blending, generating a com-
posite representation that emphasizes the relevant
local areas.

Î = α ·P+ (1− α) · I, (1)

where α ∈ [0, 1] denotes the transparency level of
the visual prompt.

Using the blended image with the highlighted
regions and the accompanying detailed text descrip-
tion, we perform autoregressive language modeling
to maximize the likelihood of generating the tokens

of the ground-truth answer Tx:

P (Tx | Î,Tinstruct) =

L∏

i=1

Pθ(xi | Î,Tinstruct,Tx,<i)
(2)

where θ represents the trainable parameters,
Xinstruct is the text instruction for generating the
target description, L is the sequence length of the
answer Tx, and Tx,<i denotes all the answer to-
kens before the current prediction token xi, where
i denotes the steps during text token generation.

3.2 Entity Recognition
Since the Med-VLM requires regions of interest
(ROI) to establish region-level cognition and un-
derstanding, it is crucial to obtain effective visual
prompts for medical images. A key challenge we
face is generating accurate region-level annotations
for medical images. We adopted a two-step ap-
proach: first, extracting region-level entities and
then feeding these entities into a visual prompt ex-
tractor to generate the visual prompt. In the medical
visual question answering task, we start by analyz-
ing the question to identify potential region-level
entities that could aid in answering it. To generate
these entities, we employ an LLM, which offers
greater flexibility and can be easily guided with
prompts to produce helpful entities compared to
other entity recognition models. For each question
Q in the visual question answering task, we prompt
the LLM to identify a set of entities:

E = LLM(Q,Tprompt) (3)

where E represents the set of entities the LLM cap-
tures from question Q, and Tprompt represents the
prompt for entity extraction. The extracted entities
may include specific organs or diseases mentioned
in Q or more general terms for potential relevant
organs and diseases. They are the preliminary for
generating visual prompts using the visual prompt
extractor.

3.3 Visual Prompt Position Extraction
In the previous step, we identified region-level en-
tities that could potentially assist in answering the
question. The next step involves using a visual
prompt extractor to obtain the visual prompt coordi-
nates, utilizing these entities and the corresponding
image. Specifically, we employed the Grounding
DINO model (Liu et al., 2023), which is a detection
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model that supports (image, text) input for open-
vocabulary detection of entities described by the
provided text within the image. Grounding DINO
has shown strong performance in open-vocabulary
detection on natural images. However, due to the
extensive use of specialized terminology for or-
gans and lesions in the medical field, the existing
Grounding DINO model struggles to accurately
detect region-level entities in the medical images
domain. To address this, we first fine-tune Ground-
ing DINO for the medical imaging domain.

Using a medical dataset consisting of images,
texts, and coordinates, we adapt Grounding DINO
to the specific requirements of medical image de-
tection. Fine-tuning involves applying contrastive
loss (Radford et al., 2021) between predicted ob-
jects and language tokens for classification, along-
side L1 loss and GIoU loss (Rezatofighi et al.,
2019) for bounding box regression.

Following fine-tuning, we obtain a Grounding
DINO model capable of accurately detecting med-
ical entities. By inputting the region-level entity
names into the model, we extract the visual prompt
coordinates corresponding to the relevant regions
in the medical images:

P = G-DINO(I, E) (4)

3.4 Visual Prompt Generation
We incorporate the visual prompts detected by
Grounding DINO into medical images through the
alpha blending technique outlined in Equation 1.
Since manual annotation of medical images is a
common practice in clinical settings, it is essential
for our model to be capable of recognizing and
interpreting the diverse types of visual prompts
frequently employed in these contexts. To address
this, we introduce a set of clinically prevalent visual
prompts (scribble, rectangle, ellipse) during
training to enhance the model’s capability in rec-
ognizing different annotation types. For each set
of coordinates, one of these shapes is randomly
selected and applied through alpha blending, result-
ing in images that contain diverse forms of visual
prompt annotations.

By integrating these region-specific visual
prompts into the image, we steer the model’s atten-
tion toward the relevant areas indicated in question
Q. To facilitate this, we extract two key attributes
(color, category) of the visual prompt to describe
the visual annotation and guide the model’s focus
to the appropriate region.

4 Experiment

4.1 Experiment Setup

Base Model. We utilize ViP-LLaVA 7B (Cai et al.,
2024) as our base model. ViP-LLaVA (Cai et al.,
2024) was initially pre-trained on natural image
datasets and allows for user interaction by incorpo-
rating visual prompts into the images, enhancing
the model’s ability to interpret and respond to in-
puts. We use it as our base model because it has a
better capability of identifying regions in marked
regions
Knowledge Pre-training of Med-VLM. To inject
medical knowledge into our model, we pre-train
ViP-LLaVA 7B using a subset of the MedTrinity-
20M dataset (Xie et al., 2024), which consists of
triplets in the format image, ROI, description. Each
ROI (region of interest) corresponds to an abnor-
mality annotated with a bounding box. The descrip-
tions provide a multi-granular textual explanation,
covering disease or lesion type, imaging modality,
region-specific details, and inter-regional relation-
ships. This pre-training on medical images equips
ViP-LLaVA with domain-specific knowledge, en-
abling the model to focus on region-specific infor-
mation in medical contexts.
Finetuning of Visual Prompts Extractor. We
employ Grounding DINO(Liu et al., 2023) as our
visual prompt extractor, which processes text in-
puts to identify corresponding regions in medical
images. To adapt Grounding DINO for annotation
tasks in the medical domain, we fine-tune it us-
ing a combination of the SLAKE training dataset
and a subset of the SA-Med2D dataset(Ye et al.,
2023). The SLAKE (Liu et al., 2021) dataset has
region-level annotations of different organs and dis-
eases on the radiological image. The SA-Med2D
dataset (Ye et al., 2023) includes over 20,000 im-
ages from various modalities, such as MRI, CT,
ultrasound, PET, X-ray, fundus, and endoscopy.
The annotated masks are converted into bounding
box coordinates, covering a wide range of organs
and disease types.
Choice of Visual Prompts. We utilize three types
of visual prompts for image annotation: scribble,
rectangle, and ellipse, chosen for their frequent ap-
plication in medical imaging. During fine-tuning,
different visual prompt shapes are randomly ap-
plied to the images, allowing the model to learn
how to interpret and respond to a variety of prompt
shapes, thereby improving its robustness and flexi-
bility. The Figure 7 in appendix shows examples
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Table 1: Performance of MedVP-LLaVA on three medical visual question answering datasets. Following the
routing in LLaVA-Med (Li et al., 2024), we report the recall value in column Open for open-set questions. For
closed-set questions, we report the accuracy in the Closed column. The best and the second best results are bold
and underlined.

Models VQA-RAD SLAKE PMC-VQA
Open Closed Open Closed Closed

Zero Shot

BLIP-2 (Li et al., 2023) 17.5 67.7 26.9 52.4 24.3
Qwen-VL-Chat (Bai et al., 2023) - 47.0 - 56.0 36.6
Open-Flamingo (Awadalla et al., 2023) 15.4 61.4 13.8 29.5 26.4
LLaVA (Liu et al., 2024a) 20.7 59.1 26.8 50.2 29.7
RadFM (Wu et al., 2023) - 50.6 - 34.6 25.9
Med-Flamingos (Moor et al., 2023) 20.4 71.9 16.9 49.5 27.2
LLaVA-Med (Li et al., 2024) 28.2 61.4 39.2 52.2 32.9

Finetuned on the Respective Dataset

PMC-CLIP (Lin et al., 2023) 52.0 75.4 72.7 80.0 37.1
MedVInT-TE (Zhang et al., 2023) 69.3 84.2 88.2 87.7 39.2
MedVInT-TD (Zhang et al., 2023) 73.7 86.8 84.5 86.3 40.3
LLaVA-Med (Li et al., 2024) 72.2 84.2 70.9 86.8 42.8
HuatuoGPT-Vision (Chen et al., 2024) - 68.9 - 84.1 57.3
LLaVA-Med++ (Xie et al., 2024) 77.1 86.0 86.2 89.3 61.9
MedVP-LLaVA (ours) 89.3 97.3 91.6 92.9 58.3

of different types of visual prompts.

4.2 Results
In this section, we assess the performance of
MedVP-LLaVA across three distinct medical VQA
datasets, comparing our approach against several
state-of-the-art methods in the field.

4.2.1 Evaluation of the Benchmarks
We evaluate our method on three medical VQA
datasets: SLAKE (Liu et al., 2021), VQA-
RAD (Lau et al., 2018), and PMC-VQA (Zhang
et al., 2023). Both SLAKE and VQA-RAD con-
tain two types of questions: Open and Closed.
PMC-VQA is a multi-modal, multiple-choice VQA
dataset. As shown in Table 1, our approach ei-
ther outperforms or achieves comparable results
compared with the current state-of-the-art (SOTA)
methods. On the SLAKE and VQA-RAD datasets,
our method achieves significant improvements.
Specifically, on the VQA-RAD dataset, our method
demonstrates an improvement of over 10% on both
the open and closed metrics. On the SLAKE
dataset, our approach also achieves a significant
average improvement of approximately 4% com-
pared to the best-performing models. The fine-
tuned MedVP-LLaVA shows particularly strong
gains on the closed-set questions in the VQA-RAD
dataset. For the PMC-VQA dataset, where each
question requires selecting the correct answer from
four options, our method also achieves the second-
best performance, surpassing a range of advanced

models in the medical VQA setting, except LLaVA-
Med++ (Xie et al., 2024), which benefits from train-
ing on a larger synthetic dataset

4.3 Analysis
In this section, we analyze the impact of visual
prompts on the Medical VQA task and evaluate the
performance of MedVP-LLaVA under different vi-
sual prompt shape configurations. Additionally, we
visualize the model’s region-level attention maps
to illustrate how it attends to specific Regions of
Interest (ROIs) during inference.

4.3.1 Effectiveness of Visual Prompts in the
Fine-tuning Stage

During the fine-tuning phase, visual prompts are
integrated into medical images, and the correspond-
ing enhanced text inputs are utilized to fine-tune
the medical vision-language model. To quantify
the performance improvement attributed to visual
prompts, we conduct comparative experiments with
and without their inclusion during fine-tuning. Our
findings indicate that visual prompts play a pivotal
role in enhancing performance on Medical VQA
tasks.

As shown in Table 2, incorporating visual
prompts during fine-tuning leads to a substantial
improvement in test performance compared to mod-
els trained without them. These results underscore
the importance of Med-VLM’s capability to cap-
ture and analyze local visual information in the
context of Medical VQA.
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Figure 3: Visualization results of our cross-attention map. The red boxes are the visual prompts generated by
our grounding model. As illustrated, the yellow area indicates high attention values and largely overlaps with the
visually prompted area.

Table 2: Ablation study on the impact of using vi-
sual prompts during fine-tuning on downstream medical
VQA datasets. ‘VP’ in the first column refers to visual
prompts. Both the open and close set accuracy are re-
ported.

MedVP-LLaVA VQA-RAD SLAKE PMC-VQA
Open Closed Open Closed Closed

w/o VP 79.81 92.92 72.56 87.23 54.14
w VP 80.41 97.27 79.22 92.88 58.30

4.3.2 Robustness of the Model during
Inference with Limited Visual Prompts

During the fine-tuning phase, our framework lever-
ages visual prompts to guide the model toward
specific regions, enabling it to focus more effec-
tively on relevant areas when performing Medical
VQA tasks. To evaluate whether the model has
learned to naturally and robustly attend to relevant
regions with guided visual prompts, we design an
experiment to examine the impact of progressively
reducing the proportion of visual prompts gener-
ated by Grounding DINO during inference.

For each dataset’s test set, where Grounding
DINO has provided visual prompt coordinates, we
systematically remove a certain percentage of these
prompts at random, retaining only 80%, 60%, 40%,
and 20% of the original visual prompts. It is im-
portant to note that the models used in this exper-

Table 3: Analysis of robutsness of the model with lim-
ited visual prompts in the testing phase. The ratio col-
umn denotes the ratio of visual prompts being kept in
the testing phase inference stage. We report both the
accuracy of the open-set and closed-set questions.

Ratio
VQA-RAD SLAKE PMC-VQA

Open Closed Open Closed Closed

20% 78.86 96.88 78.22 89.45 57.94
40% 78.35 96.88 78.37 90.35 58.01
60% 78.86 97.27 78.69 89.84 58.13
80% 78.35 96.10 78.69 91.73 58.10
100% 80.41 97.27 79.22 92.88 58.30

iment were fully fine-tuned with visual prompts
during training, and the random removal of visual
prompts during inference is entirely independent
of the prompts utilized in the fine-tuning stage.

As shown in Table 3, reducing the proportion of
visual prompts during inference leads to a slight
degradation in performance compared to the fully
annotated setting. However, the overall perfor-
mance remains relatively stable, demonstrating the
robustness of the model. We attribute this robut-
sness to the effectiveness of visual prompts during
fine-tuning, which facilitate the internalization of
spatial attention patterns. Given the inherent het-
erogeneity of certain medical VQA datasets, the
distribution of Regions of Interest (ROIs) across
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training and test sets often exhibits substantial simi-
larity. Consequently, models fine-tuned with visual
prompts as explicit attention guidance inherently at-
tend to similar ROIs, even in the absence of explicit
visual prompts during inference. This suggests that
visual prompts not only direct the model’s attention
during training but also instill a learned focus on
relevant regions, enabling it to prioritize key visual
details effectively. As a result, even with a reduced
number of visual prompts during inference, the
model maintains its capacity to generate accurate
responses by leveraging its learned spatial attention
mechanisms.

Table 4: Performance of different visual prompt types
on three medical VQA datasets during inference. The
‘Mix’ row represents the use of a combination of the
three visual prompt types. We report both the accuracy
of the open-set and closed-set questions.

Category
VQA-RAD SLAKE PMC-VQA

Open Closed Open Closed Closed

Scribble 79.38 96.10 80.62 91.82 58.19
Rectangle 81.90 96.40 78.29 91.35 58.24
Ellipse 82.47 96.80 79.06 92.54 58.12

Mix 80.41 97.27 79.22 92.88 58.30

4.3.3 Performance Comparison on Different
Types of Visual Prompts

We evaluated the performance of our model on
Medical VQA across different types of visual
prompts. During the inference stage, as shown
in Table 4, we constrain the model to utilize only
a single type of visual prompt for the Medical
VQA task. The results indicate that ellipse-shaped
visual prompts achieve the highest performance,
followed by rectangular prompts, with scribble
prompts yielding the lowest accuracy. This per-
formance variation can be attributed to differences
in visual saliency and spatial coverage—both rect-
angular and elliptical prompts tend to highlight a
broader area and exhibit greater visual prominence
compared to scribble-based prompts. To enhance
the model’s robustness against variations in prompt
shape, our framework incorporates a combination
of three visual prompt types during both fine-tuning
and inference. This multi-prompt strategy enables
the model to generalize more effectively across dif-
ferent visual prompt configurations. As a result,
even when evaluated using a single type of visual
prompt, the model maintains relatively stable per-

formance, demonstrating its adaptability to diverse
forms of visual guidance.

4.3.4 Visualization of Model’s Region-level
Attention

To further investigate whether the model has cor-
rectly established region-level attention and under-
standing, we visualized MedVP-LLaVA’s attention
on the medical images, as shown in Figure 3. Fol-
lowing the setting in this work (Yu et al., 2024),
we visualize the cross-attention map between the
generated tokens and the visual embedding tokens.
The regions colored yellow to show the regions
that affect more on the model’s response. In the
first example, the heatmap shows that our model
accurately focuses on the region of interest. Ad-
ditionally, in the rightmost figure, we can see that
the model correctly attends to the liver. This atten-
tion map illustrates the regions of the image that
the model focuses on while generating responses
to the queries. As illustrated in the figure, we can
conclude that after our visual-prompt-guiding fine-
tuning, our model can constrain its attention to our
visual prompts area.

5 Impact

Our approach integrates visual prompts to facilitate
the Medical VQA task, not only enhancing model
performance but also offering clinical relevance for
medical image analysis. During training, visual
prompts serve as attention guidance, directing the
model to focus on the most clinically relevant re-
gions, thereby improving both the efficiency and ef-
fectiveness of the learning process. In the inference
stage, visual prompts provide contextual reference
points, enhancing the interpretability of the model’s
responses while contributing to improved safety
and reliability in medical decision-making. Fur-
thermore, the proposed framework is easily adapt-
able to real-world clinical scenarios, where medical
professionals can directly annotate visual prompts
onto medical images, seamlessly integrating them
into the workflow. These factors collectively under-
score the potential of our approach in advancing
medical imaging applications, improving both au-
tomated analysis and human-AI collaboration.

6 Limitations

During the knowledge pre-training stage, the
dataset we utilize contains AI-generated visual
markers to guide the model’s attention. These con-
tents might not be factually accurate, due to the
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limitation of grounding models we adopted. There-
fore, we perform a small-scale error analysis (E)
and a human evaluation (F) on the AI-generated
visual prompts, with detailed results provided in
the appendix. Due to the high cost and scarcity
of human-annotated medical image data, we rely
on AI-generated annotations to augment our train-
ing corpus. In future work, we aim to develop
more rigorous data filtering and validation strate-
gies and integrate retrieval-augmented generation
(RAG) techniques into our model to mitigate fac-
tual inaccuracies.

7 Conclusion

In this work, we propose the MedVP method,
which introduces explicit visual prompts into med-
ical images to guide Med-VLMs in focusing on
specific Regions of Interest (ROIs) for medical
VQA tasks. Our approach includes a medical visual
prompt extraction process. First, we use LLM to
identify medical entities from the questions. Next,
we train a grounding model to locate the ROIs in
the images based on the extracted entity names. Fi-
nally, we blend the visual prompts with the medical
images. Our MedVP-LLaVA achieves significant
performance improvements across three Medical
VQA datasets, demonstrating the effectiveness of
incorporating visual prompts to enhance medical
VLMs’ capability in medical question answering.
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A Data

A.1 Data Statistics

The quantities of all the data sets are shown in
Table 5. During the knowledge pre-training stage,
we extract a subset of Med-Trinity datasets to fine-
tune our model. This subset includes images from
SLAKE, VQA-RAD, and PATH-VQA.

During fine-tuning, we only use the training set
data from the SLAKE, VQA-RAD, and PMC-VQA
datasets.

Table 6 shows the number of images from differ-
ent modalities we selected from the SA-Med-2D
dataset when fine-tuning the Grounding DINO.

A.2 Involved Datasets

We leveraged three publicly available medical VQA
datasets: VQA-RAD, SLAKE, and PMC-VQA.

• SLAKE: SLAKE is a bilingual dataset in En-
glish and Chinese, comprising 642 images and
14,028 question-answer pairs, designed for
training and evaluating Med-VQA systems.

• VQA-RAD: A radiology-focused VQA
dataset that includes radiological images and
corresponding questions aimed at assess-
ing the model’s performance in answering
domain-specific questions about various types
of radiological findings.

• PMC-VQA: A large-scale dataset constructed
from PubMed Central (PMC) articles, focus-
ing on medical visual question answering with
figures and charts extracted from research pa-
pers, testing models on understanding com-
plex visual and textual medical data.

B Visualization of Visual Prompts

In Figure 7, we present the visualization results of
the integrated visual prompts in the images, demon-
strating three types of visual prompts with varying
sizes and levels of transparency.

C Implementation Details

All experiments were conducted on RTX 4090 and
H100 GPUs. For region-level medical domain
alignment, we used a learning rate of 2e-5 and
a batch size of 64. When detecting bounding boxes
with Grounding DINO, we set the prediction score
threshold to 0.2 and the batch size to 24.

For downstream fine-tuning, we applied a learn-
ing rate of 2e-5, a batch size of 128, and a warm-
up ratio of 0.03. The fine-tuning process on 4
RTX 4090 GPUs took approximately 6 hours for
SLAKE, 2 hours for VQA-RAD, and 20 hours for
PMC-VQA. Grounding DINO fine-tuning, also on
4 RTX 4090 GPUs, took around 9 hours.

D Instructions and Prompts

We show the prompt used for the entity recogni-
tion task and the instruction to Med-VLM when
performing downstream fine-tuning and inference
in Figure 4 and Figure 5.

Figure 4: Instructions for inference with the integrated
visual prompts.

Figure 5: Instructions for generating entities in the entity
recognition task.

E Error Analysis

While visual prompts can enhance the model’s ac-
curacy in question answering, we have also iden-
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Table 5: Data statistics for various datasets in different training stages

Dataset
SLAKE VQA-RAD PMC-VQA Path-VQA

QA-pair Image QA-pair Image QA-pair Image QA-pair Image

Pre-train (Med-Trinity) 642 642 1754 1754 ✗ ✗ 13371 13371
Fine-tuning 9834 642 1793 313 227000 149000 ✗

Test 2094 642 451 203 164360 33430 ✗ ✗

Table 6: Image count statistics across different imaging modalities when fine-tuning Grounding DINO

Count MR CT Xray Endoscopy Dermoscopy Fundus Ultrasound PET

Image Count 4000 4000 3192 1863 866 1470 1645 1000

tified instances where they inadvertently lead to
incorrect judgments. To better understand these
failure cases, we conducted a systematic analysis
and categorized the underlying causes of errors into
the following types:

First, we found that some visual prompts were
too small or used colors that were not easily per-
ceived by the model, leading to errors. For example,
in Figure 6 (a), the visual prompt is extremely small
with very fine lines, making it less noticeable to the
model and potentially leading to error.

Secondly, for certain counting questions, the
number of visual prompts provided can occasion-
ally be misleading. For instance, as illustrated in
Figure 6 (b), the model may predict the number
of kidneys based solely on the number of visual
prompts, regardless of the actual content of the
image.

Thirdly, visual prompts can mislead the model
into providing incorrect answers to questions re-
garding the existence of abnormalities. For in-
stance, in Figure 6 (c), even when no abnormality
is present in the image, the presence of a visual
prompt may cause the model to incorrectly answer
"Yes."

Finally, the model can sometimes rely on the lo-
cation of visual prompts when answering location-
related questions. In Figure 6 (d), if the ground
truth specifies the left lobe but the visual prompt is
mistakenly placed on the right lobe, the model may
erroneously predict the right lobe as the answer.

F Human Evaluation

As illustrated in Figure 8, we present the ground-
ing results of our fine-tuned grounding model. We
fine-tune the Grounding DINO model on the train-
ing sets of the SLAKE (Liu et al., 2021) and Sa-
Med2D-20k (Ye et al., 2023) datasets. By provid-

ing the name of the target organ or other medical
entities as a prompt, the Grounding DINO model
automatically generates bounding boxes for the cor-
responding regions in the image. As shown in the
figure, the model performs well in most cases, ac-
curately recognizing common organs and abnormal
regions as needed.
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Figure 6: Instances where visual prompts may mislead the medical vision-language model.

Figure 7: Visualization of different types of visual prompts integrated into medical images. The images depict
various shapes, including scribbles, rectangles, and ellipses, with varying line thicknesses.
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Figure 8: Visualization of Grounding DiNO predicting results on different datasets.
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