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Abstract

Currently, medical vision language models are widely
used in medical vision question answering tasks. How-
ever, existing models are confronted with two issues: for
input, the model only relies on text instructions and lacks
direct understanding of visual clues in the image; for out-
put, the model only gives text answers and lacks connection
with key areas in the image. To address these issues, we
propose a unified medical vision language model MIMO,
with visual referring Multimodal Input and pixel ground-
ing Multimodal Output. MIMO can not only combine vi-
sual clues and textual instructions to understand complex
medical images and semantics, but can also ground medical
terminologies in textual output within the image. To over-
come the scarcity of relevant data in the medical field, we
propose MIMOSeg, a comprehensive medical multimodal
dataset including 895K samples. MIMOSeg is constructed
from four different perspectives, covering basic instruction
following and complex question answering with multimodal
input and multimodal output. We conduct experiments
on several downstream medical multimodal tasks. Exten-
sive experimental results verify that MIMO can uniquely
combine visual referring and pixel grounding capabilities,
which are not available in previous models. Our project can
be found in https://github.com/pkusixspace/
MIMO.

1. Introduction

Currently, medical vision-language models (MVLMs)
equip large language models (LLMs) with visual perception
modules for image understanding and leverage the power-
ful capabilities of LLMs to comprehend complex textual

TEqually contributing first authors.
“Yu Huang and Hang Li are corresponding authors.

@
Traditional
Medical VLMs

K visual referring

X pixel grounding

In this chest CT scan, a mass is observed in the hilar region of the .
middle and lower lobes of the right lung. I am referring to the

irregular mass with smooth outer edges that appears as a wall-like

feature. Specifically, it is located in the left half of the image, near

the right edge of the large dark translucent area on the left side of

the image. What's its relationship with adjacent organs suggest?

There are signs of lung atelectasis in the right middle lobe, with the
Ll I mass protruding from the edge of the atelectatic lung. The right
middle bronchus shows local bronchial lumen obstruction and bronchial
wall thickening. These findings suggest a high likelihood of
dvanced-stage central cell carcinoma.

(b)

visual referring
Ours: MIMO
EI pixel grounding

In this chest CT scan, the bounding box indicates a mass in the .
hilar region of the middle and lower lobes of the right lung, it appears

as a wall-like feature with smooth outer edges. What's its relationship

with adjacent organs suggest?

There are signs of lung atelectasis in the right middle lobe, with

et | othe protruding from the edge of the atelectatic lung. The right
middle bronchus shows local bronchial lumen obstruction and bronchial
wall thickening. These findings suggest a high likelihood of advanced-
stage central squamous cell carcinoma.

Figure 1. An illustration of visual referring and pixel grounding
capabilities.

queries [7, 14, 19], demonstrating outstanding performance
in medical visual question answering (MVQA). However,
current models mainly use textual instructions to query the
entire image, and subsequently output textual responses for
image-related question answering tasks. While this ap-
proach enables a rich variety of queries and responses on
the text side, it exhibits significant shortcomings in MVLM:
unlike general domains, most medical terminologies typ-
ically involve specialized expressions. The limitations of
text-based input and output may lead to expressions that are
either overly concise or excessively complicated.
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Figure 1 provides an illustrative example. For questions
related to specific areas of medical images, accurately de-
scribing the region of interest through language is challeng-
ing (shown in Figure 1(a)). Visual Question Answering,
unlike unimodal question answering, requires close integra-
tion with specific image information. Although professional
physicians can use anatomical terms (e.g., “the hilar region
of the middle and lower lobes of the right lung”) to indicate
these areas, however, in practical applications, the imaging
findings of different patients may exhibit individual varia-
tions, further complicating the description. MVQA heavily
relies on visual interpretability, even communication among
specialized doctors is centered around image referring and
grounding (shown in Figure 1(b)).

Inspired by the above gap, in this paper, we highlight
the following two capabilities of the MVLM model: (i) vi-
sual referring in question inputs, and (ii) pixel grounding in
answering outputs. Visual referring enables the model to
assist users in articulating questions by combining text and
visual prompts to specify a particular region [17, 30, 31],
whereas pixel grounding requires the model to align seman-
tic descriptions with segmentation masks within the image
[24, 33, 37].

To construct the aforementioned MVLM system, two
major challenges exist: (i) Lack of a unified model architec-
ture. Due to design limitations, existing MVLM architec-
tures [7, 14, 19] do not support multimodal input with visual
prompts and multimodal output with segmentation masks.
(ii) The scarcity of multimodal medical datasets that sup-
port these capabilities. Existing medical datasets [7, 14, 28]
focus on either visual question answering or segmentation
tasks, without referring and grounding annotations simulta-
neously.

Targeting these two challenges, we propose MIMO, a
unified medical vision language model with visual referring
Multimodal Input and pixel grounding Multimodal Output.
First of all, MIMO models all visual prompts as embed-
dings in the same space as the image features. To effectively
facilitate cross-modal alignment of these multimodal in-
puts, we propose a Multi-modal Input Aligner to bridge the
modality gap. Then, MIMO leverages LLM as foundation,
and decodes the segmentation tokens to obtain grounding
masks, where these segmentation tokens are linked to se-
mantic phrases in LLM’ natural language output. Equipped
with above methods, MIMO can seamless integrate natu-
ral language responses with medical entity segmentations.
To train MIMO, we propose a medical multi-modal refer-
ring and grounding dataset MIMOSeg with 895K samples.
MIMOSeg is constructed from four different perspectives,
covering basic instruction following and complex question
answering with multimodal input and multimodal output.
We conduct experiments on several downstream medical
multimodal tasks. Extensive experimental results verify

that MIMO can uniquely combine visual referring and pixel
grounding capabilities, which are not available in previous
models. To the best of our knowledge, MIMO is the first
work to simultaneously integrate visual referring and pixel
grounding in medical vision language models.

Our contributions are as follows:

(1) We present MIMO, the first MVQA model that inte-
grates visual referring multimodal input and pixel ground-
ing multimodal output, specifically designed to address the
unique challenges of medical image understanding and tex-
tual reasoning.

(2) We propose a comprehensive dataset MIMOSeg
containing 895K samples, which is designed to facilitate the
training of MIMO. This dataset provides a diverse range of
scenarios, ensuring that the model can learn to handle both
basic instructions and complex medical queries with differ-
ent modalities of input.

(3) We conduct extensive held-in and held-out experi-
ments to evaluate the performance of MIMO across vari-
ous medical multimodal tasks. Experimental results verify
that MIMO can uniquely combine visual referring and pixel
grounding capabilities, which are not available in previous
models.

2. Related Work

Multimodal Large Language Models (MLLMs). In-
spired by the powerful text generation capability of LLMs,
researchers are exploring ways to extend the capabilities of
LLMs to the visual domain, thus advancing the develop-
ment of MLLMs [2, 4, 6, 18]. Existing research on MLLMs
aims to connect visual encoders with large language mod-
els. The visual encoder is employed to perceive visual in-
formation, and the LLLM is used to understand semantic in-
formation and generate text. Flamingo [2] uses a visual en-
coder to extract visual embeddings, a resampler module to
connect the visual encoder to a frozen language model, and
multi-layer cross-attention module to fuse multi-modal fea-
tures. BLIP2 [15] uses the Q-Former module to connect
the frozen LLM and visual encoder. MiniGPT-4 [6] and
LLaVA [18] freeze the parameters of the vision encoder and
LLM, and only optimize a trainable linear projector to con-
nect the vision and language layers during the instruction
tuning phase.

MLLMs for referring and grounding. In recent in-
vestigations, works such as Ferret [30], GLaMM [23] and
Ferret-v2 [32], closely resemble ours as they explore to en-
able MLLMs for image referring and grounding. Ferret
designs a spatial-aware visual sampler that supports free-
form shapes of the referential region. For grounding, the
coordinates of the bounding box are represented in natu-
ral language numerical form in the responses, followed by
the corresponding text output. GLaMM supports pixel-level
grounding segmentation and expands its vocabulary with
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Figure 2. The overall architecture of MIMO. The model consists of an image encoder, a visual prompt encoder, a LLM, a segmentation
vision encoder and a mask decoder. While accepting optional visual input, the model can also provide visual segmentation results associated

with the medical entities in the text response.

special tokens to represent the input bounding box. Subse-
quently, the input tokens are replaced with Rol features ex-
tracted from the CLIP global image encoder layers, thereby
enabling the use of specific regions as input.

MLLMs for Medical VQA. Developments in multi-
modal large-scale language models have significantly im-
pacted the biomedical field [10, 29, 35, 36]. LLaVA-Med
[14] organizes biomedical image-text pairs from PubMed
Central and uses GPT-4 [8] to autonomously generate in-
struction data for multi-modal biomedical tasks. By con-
structing a large set of biomedical image and text pairs,
LLaVA is fine-tuned to align image-text tags to the biomedi-
cal domain. Based on the framework OpenFlamingo [3] and
a pre-trained medical dataset, Med-Flamingo [19] brings
Flamingo’s in-context learning capability into the medical
field. This adaptation allows users to tailor response formats
using few-shot prompts, such as asking for an explanation
of an answer. HuatuoGPT-Vision [7] leverages the large-
scale dataset PubMed Vision containing 1.3 million samples
to train the foundational MLLM. Furthermore, MedTrinity-
25M [28] employs an automated pipeline to introduce local
annotations for regions of interest (ROIs), which include
bounding boxes and segmentation masks. In the dataset
construction strategy, different pre-trained models are uti-
lized to annotate ROIs for the images, ensuring that each
sample contains triplets of {image, ROI, description }.

3. Our Model: MIMO

3.1. Preliminary

Given an input medical image I € R¥*W*3 and an in-
put query @, our first goal is to obtain a response R that
contains a text response and seamlessly integrates segmen-

tation masks directly tied to corresponding concepts. Let
T = [t1,t2, ..., t,] be the text response in the form of a se-
quence of word tokens, then the final output R will be:

R={t;|j=1,2,...,n}

U{<cy,s;>si€8,¢eT,i=12....m}, (1)

where {t; | j =1,2,...,n} denotes the text response 7T,
and C = {c1,ca,...,¢m} C T is the set of medical con-
cepts mentioned in the text response, S = {s1, S2, ..., Sm }
is the segmentation mask associated with each medical con-
ceptand m < n.

Optionally, additional visual prompts can be introduced
to specify certain parts or concepts, helping to clarify the
issue alongside the text. This means that the input query @
has two forms: the text query ); and the additional visual

prompt Q.
3.2. Model Architecture

As shown in Figure 2, MIMO mainly consists of (i) an
image encoder, (ii) a visual prompt encoder, (iii) a multi-
modal input aligner, (iv) a LLM, (v) a segmentation vision
encoder and (vi) a mask decoder. This model design ac-
commodates both multimodal input and output formats, as
defined in Section 3.1.

3.2.1 Visual Referring Multimodal Input

For an input medical image I € R¥*Wx3 4 CLIP visual
encoder ViT-H/14 [21] is used, combined with a projection
layer to produce the image embeddings X, € R'**%. For
the input text query ()¢, the pre-trained tokenizer of LLM is
used and projected to the text embeddings X! € R'2*¢. In
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Figure 3. The construction pipeline of MIMOSeg. The pipeline inclues data collection, knowledge retrieval, prompt construction and QA
generation. The bottom of the figure shows example data from four perspectives of MIMOSeg.

addition, according to practical use, we consider two types
of sparse visual prompts: points and bounding boxes. The
prompt encoders adapt these additional visual prompts @,
to the same feature space as the image feature. Similar
to the prompt encoder of SAM [9], points and boxes are
encoded using positional encodings summed with learned
embeddings for each prompt type. The corresponding em-
bedding representation are then projected to X € Rlsxd,
The above image embeddings, text embeddings, and visual
prompt embeddings will be concatenated into a unified mul-
timodal feature.

Multi-modal Input Aligner. We design a multimodal
input aligner to extract instruction-guided information from
multi-modal features. The multi-modal input (X;y,g, X, ;,
Xg) interacts with the learnable query embedding X,
through cross-attention, encouraging the extraction of im-
age features that the textual and visual prompts focus on.
Therefore, LLM receives visual information that helps fol-
low textual and visual instructions. The output of Multi-
modal input aligner contains the final learned instruction-
guided query embedding X, which is then passed through
a linear projection before being fed into the LLM.

3.2.2 Language Grounding to Pixel Segmentation

We use Vicuna [34] as our language model, which is a
decoder-only large language model based on LLaMA [26].
We introduce a pair of grounding tokens <p> and </p> in
the vocabulary of the model to indicate the start and end of

groundable medical entities, and use a special token <SEG>
immediately following the groundable entities to indicate
potential segmentation requests. For example, a sentence
in the final output R from the model can be represented as
“<p>The central vein of the adrenal medulla<SEG></p>
is located in the <p>adrenal medulla<SEG></p> and is a
rare type of blood vessel. Its structure is different from other
veins, in which the <p> smooth muscle <SEG></p> of the
membrane is arranged in obvious longitudinal bundles.”
In this way, the output embedding 7.4 corresponding
to <SEG> tokens from the last layer of the LLM can be
extracted and mapped to the feature space of the decoder
through a projection layer. Then, the projected hidden states
will be used by the mask decoder to generate binary seg-
mentation masks M. The process can be formulated as:

M= V(Q(I),proj(rseg)), 2

where V is the mask decoder, G is the segmentation mask
encoder, and the input image will pass through G to obtain
image features as additional input of the mask decoder and
proj represents the projection layer. We follow SAM to em-
ploy a pretrained SAM encoder as G and use the pretrained
SAM decoder to instantiate ).

3.3. Training Strategy

We apply cross-entropy loss Ly, for text generation. To
compute the segmentation mask loss £, sk, We use a com-
bination of per-pixel binary cross-entropy (BCE) loss Lpce
and DICE loss Lg;... The final loss calculation is a linear
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combination of the language modeling loss L;.,; and these
mask-related losses, which can be formulated as :

Ltotal = A1Lteant + )\2Lbce + )\SLdicea (3)

where Aj, Ao and A3 are the corresponding hyperparame-
ters.

4. Our Dataset: MIMOSeg
4.1. Construction Perspectives

To guide the construction of the MIMOSeg dataset, we sum-
marize four key perspectives, each aiming to enhance the
utility of the dataset in various pixel-level grounding tasks.

Perspective I: Language-Guided Segmentation. This
perspective represents the basic instruction-following abil-
ity of the model. The model receives an image and a lan-
guage instruction, producing segmentation masks, with no
visual prompt provided. From this perspective, the model
needs to build the ability to recognize medical entities and
achieve the mapping from text to segmentation. An exam-
ple instruction is: “Please segment out the heart in the pic-
ture.”

Perspective II: Visual Prompt Perceiving. This per-
spective represents the basic visual prompt perception abil-
ity of the model. The model receives an image, a language
instruction, and a visual prompt (box or point), produc-
ing segmentation masks. From this perspective, the model
needs to perceive and understand the given visual prompts,
comprehend the semantics of visual entities, and establish a
mapping from segmentation to text. An example instruction
is: “Please segment all the organs in the box in the picture.”

Perspective III: Responses with Segmentation Align-
ing. This perspective deals with complex tasks involving
question-answering. The model is required to reason about
the image and generate a mask that aligns with both the
question and visual segmentation, blending language un-
derstanding with pixel-level image analysis. From this per-
spective, the capabilities of the model are more challenging.
An example question is: “Could you identify the organ in
the image that has rhythmic sequences of contractions that
propagate through the atrioventricular node and conduc-
tion system?”

Perspective I'V: Visual Prompt Assisted Questioning.
This perspective deals with answering a question with the
assistance of a visual prompt. The visual prompt aids in di-
recting attention, while the model needs to generate both an
answer and a corresponding segmentation mask based on
the question. From this perspective, the model needs to in-
corporate visual prompts to understand the question based
on complex reasoning. An example question is: “Can you
provide details about the physiological functions of the area
within the bounding box that appears to be conical and sit-
uated in the chest?”

The four perspectives in the construction of the MI-
MOSeg Dataset provide a comprehensive framework for
addressing different aspects of pixel-level grounding tasks.
The ground-segmentation perspectives (I & II) allow mod-
els to focus on accurately delineating anatomical structures
based on either text or visual cues, while the QA-driven
perspectives (IIT & IV) simulate more complex, interactive
clinical scenarios, where both segmentation and reasoning
are required. This multi-perspective approach enriches the
applicability of the dataset and guides the subsequent con-
struction pipeline.

4.2. Construction Pipeline

The complete construction pipeline is illustrated in Figure 3,
which includes data collection, knowledge retrieval, prompt
construction and Q&A generation.

Data Source. In order to solve the problems under the
above perspectives, our proposed MIMOSeg Dataset is con-
structed based on a wide range of publicly available seg-
mentation datasets, with about 1 million medical pixel-level
grounding samples, including data from 8 different modali-
ties such as CT, X-rays, fundus images, and pathology sec-
tions. More details can be found in Appendix B.1. We di-
vide these datasets to meet the construction needs of dif-
ferent perspectives. For each perspective, we select a suf-
ficient number of single-label and multi-label datasets, en-
suring comprehensive coverage of image modalities. The
specific division is detailed in Appendix B.3.

Knowledge Retrieval. Unlike general fields, the medi-
cal field is highly dependent on knowledge, and most med-
ical entities have corresponding definitions. Therefore, we
manually constructed a knowledge base that covers all seg-
mentation labels via some easy-access knowledge sources '
2. The knowledge includes common information on disease
causes, treatment methods, common symptoms, as well as
the locations and functions of organs. For the metadata of
the input data, we can retrieve corresponding knowledge for
each label from the knowledge base.

Data Generation for different perspectives. We di-
rectly construct corresponding instruction templates and re-
sponse templates for Perspective I & II. For Perspective 111
& IV, we design knowledge-based perspective prompts to
make GPT-4o [1] generate meaningful questions and an-
swers in a tone as if it could see the image (even though
it only has access to the text). In the prompt, each per-
spective will correspond to different perspective-specific re-
quirements. Perspective III focuses on identifying organs or
lesions through complex questions and providing analyti-
cal reasons, while Perspective IV emphasizes visual anal-
ysis and content understanding based on visual prompts.
The knowledge corresponding to the label of each image

'Wikipedia https://en.wikipedia.org/wiki/
2UMLS https://www.nlm.nih.gov/research/umls/
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Table 1. The results of comparison with previous studies on four perspectives in segmentations. Best and second-best results are shown in

bold and underline, respectively. X means that the model does not support text instruction following.

Models SAM-b [12] SAM-h[12] SAM-Med[9] GLaMM [24] MIMO(w/o Aligner) MIMO
Perspective 1
mloU 1 X X X 0.556 0.607 0.639
AP50 1 X X X 0.324 0.301 0.316
Fl1 1 x x x 0507 | 0.448 0.457
Perspective I1
mloU 1 0.568 0.571 0.494 0.496 0.622 0.665
AP50 1 0.125 0.132 0.097 0.137 0.185 0.279
F171 X X X 0.279 0.314 0.406
Perspective 111
mloU 1 X X X 0.421 0.468 0.531
AP50 1 X X X 0.133 0.205 0.302
F171 X X X 0.253 0.340 0.427
Perspective IV
mloU 1 0.573 0.583 0.503 0.564 0.526 0.586
AP50 1 0.363 0.404 0.300 0.267 0.253 0.309
F171 X X X 0.422 0.401 0.470

in the aforementioned knowledge base will be input into
the prompt. For multi-label tasks, the generated questions
and answers must consider each label and their interrela-
tionships. We also manually construct relevant in-context
examples to enhance the generation of Q&A pairs. The
specific prompts are detailed in Appendix E.2. Examples of
Q&A content for the four types of perspectives are shown
in Appendix C.

5. Experiments and Analysis
5.1. Experimental Setup

Datasets. Since MIMOSeg is the first dataset with both vi-
sual referring and pixel grounding, we conduct held-in ex-
periments on the MIMOSeg test set. We show experimen-
tal results under four perspectives to compare the capabili-
ties of the models more reasonably. Meanwhile, to evaluate
the generalization ability of our model, we select 6 held-
out datasets for zero-shot experiments, including 3 medi-
cal VQA datasets Slake [16], RadVQA [13], PathVQA [11]
and 3 medical segmentation datasets X-ray [9], Fundus [9],
Skin Lesion [22].

Metrics. In the held-in experiments, we report BLEU-
4 [20], ROUGE-L [25], METEOR [5] for text generation
evaluation, AP50 and mIOU for mask segmentation, and
F1 Score for mask-to-entity correspondence accuracy (refer
to Appendix D for details). In the held-out experiments,
for the VQA task, we evaluate the accuracy of the model’s
responses. The experimental settings remain the same as
HuatuoGPT-Vision. For the segmentation task, we use the
same settings as the held-in experiments.

Implementation Details. We use Vicuna LLM with 7B
parameters as the default large language model, and the

multi-modal input aligner is randomly initialized. After
initialization, MIMO is trained on the aforementioned MI-
MOSeg and LLaVA-Med VQA [14] dataset. Specifically,
the four perspectives of MIMOSeg and the LLaVA-Med
VQA dataset are mixed for training with a ratio of 1 : 2 :
2 :1: 1 for 3 epochs. More implementation details can be
found in Appendix D.

5.2. Comparison with Previous Studies

We conduct comparative experiments of our method with
existing SAMs, existing medical VLMs, and general
VLMs. For existing SAMs and medical VLMs, we directly
conduct zero-shot experiments. For general VLMs, we se-
lect a base model that supports multimodal input and out-
put, and fine-tune it using MIMOSeg. It should be noted
that since there is no model in the general field combines
both visual reference multimodal input and pixel-grounded
multimodal output, we only select the most similar model
and make appropriate modifications to better suit our task.
The experimental results are shown in Table 1 to Table 4.

Held-in experiments. We first evaluate MIMO on the
held-in dataset, summarizing results from four different per-
spectives in Table 1 and Table 2. For the segmentation per-
formance in tasks involving visual prompts (Perspective 11
& 1V), we compare MIMO’s performance with SAM and
SAM-Med. Since SAM only supports segmentation mask
outputs and does not provide textual responses, its F1 scores
are marked as X. As shown in Table 1, MIMO demon-
strates significantly better performance compared to base-
line methods.

In complex scenarios (Perspective III & IV), MIMO out-
performs our reproduced GLaMM model, indicating the ar-
chitectural advantages of MIMO. We also present experi-
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Table 2. The results of comparison with previous studies on four perspectives in question answering. Best and second-best results are

shown in bold and underline, respectively.

Models GPT-40[1] LLaVA-Med [14] HuatuoGPT-Vision[7] GLaMM [24] MIMO(w/o Aligner) MIMO
Perspective I1
ROUGE-L 1 0.169 0.120 0.070 0.436 0.317 0.335
BLEU-4 1 | 0.002 0.005 0.001 0.293 | 0.171 0.181
METEOR 1 0.053 0.077 0.062 0.304 0.208 0.253
Perspective I11
ROUGE-L 1 0.146 0.269 0.278 0.339 0.650 0.581
BLEU-4 1 0.007 0.129 0.064 0.150 0.564 0.475
METEOR 1 0.073 0.163 0.211 0.198 0.392 0.334
Perspective IV
ROUGE-L 1 0.223 0.215 0.222 0.380 0.387 0.397
BLEU-4 1 0.061 0.046 0.034 0.240 0.263 0.263
METEOR 1 0.159 0.127 0.156 0.216 0.218 0.222

Table 3. Comparison with previous work on the held-out segmentation datasets. Best and second-best results are shown in bold and

underline, respectively. X means that the model does not support text instruction following.

X-ray Fundus Skin Lesion

Models w/o bbox with bbox w/o bbox with bbox w/o bbox with bbox
AP50 mloU | AP50 mlIoU | AP50 mloU | AP50 mloU | AP50 mloU | AP50 mloU
SAM-b [12] X X 0971  0.855 X X 0.923  0.766 X X 0.952  0.851
SAM-h [12] X X 0.989 0.835 X X 0.973  0.865 X X 0.982 0.861
SAM-Med [9] X X 0.955 0.877 X X 0.678  0.662 X X 0.931 0.848
GLaMM [24] 0.335 0.554 | 0.859 0.882 | 0.940 0.870 | 0.946 0.874 | 0.458 0.526 | 0.719 0.723
MIMO (w/o Aligner) | 0.313 0490 | 0.822 0.813 | 0915 0.852 | 0951 0.883 | 0.747 0.638 | 0.985 0.861
MIMO 0.507 0.718 | 0.989 0.883 | 0.940 0.863 | 0.988 0.881 | 0.787 0.647 | 0.985 0.871

mental results using medical VLMs and GPT-4o to evaluate
the text responses. Given that MIMOSeg’s Q&A design
focuses on specific entities within images, the four tasks
based on distinct perspectives are challenging for traditional
VLMs (refer to Figure 4 and Appendix F for qualitative
analysis). The enhanced evaluation results of MIMO fur-
ther highlight the significance of integrating unified refer-
ring and grounding capabilities in MVQA models.

Held-out experiments. Table 3 and Table 4 show the
held-out experimental results. In the segmentation task, we
perform segmentation with and without bounding boxes.
Since SAM and SAM-Med only support visual prompt in-
put, their results in the table w/o bbox is x. From Table
3, we can see that MIMO achieves the best results in both
types of segmentation. The experimental results show that
MIMO has good generalization ability in the case of text
instruction segmentation; in the case of segmentation with
visual prompts, MIMO’s segmentation effect also outper-
forms the previous SAM and SAM-Med models. In the
VQA task, we conduct experiments on 3 public bench-
marks. We choose closed-ended questions in the bench-
marks to more accurately evaluate the accuracy of the gen-
erated results. Among them, HuatuoGPT-Vision uses more
datasets for training. Compared with the remaining models,

our model achieves the best accuracy on Slake and VQA-
RAD. At the same time, MIMO also has the highest average
accuracy on the three datasets.

5.3. Ablation Studies

Ablation of Multi-modal Input Aligner. Comparing the
results of MIMO and MIMO (w/o aligner) in Table 1 to
Table 3, MIMO shows higher results in most cases, espe-
cially in the case of inputs with bounding boxes such as
Perspective II & IV. These results prove the effectiveness of
our designed aligner. The multimodal aligner can get more
accurate content understanding when the input has visual
prompts.

Ablation of Training Data Ratio. The amount of data
is an important factor affecting the experiment. To examine
the impact of data quantity on model performance, we com-
pare the evaluation results under different data ratios. Ex-
periments are conducted using 25%, 50%, 75% and 100%
of the training data. The experimental results are shown
in Figure 5. Observing Figures 5(a), (b) and (c), we can
find that as the amount of data increases, the model’s mloU,
APS50, F1 and other indicators are steadily increasing. In
Figure 5(d), for VQA-RAD and PathVQA, the result also
shows a similar trend. These experimental results prove

24738



Question Question
‘Segment the organs that are located inside the bounding box.

o
o /Among the organs located in the abdominal cavity, which two are

Question

How do the structural adaptations of the myocardium and its

Ground Truth o : primarily responsible for critical metabolic processes, with one. adjoining cavity influence their susceptibility to disease, and what
Within the image, ‘aorta’, 'spleen’, 'liver", 'pancreas’, positioned below the diaphragm in the right upper quadrant and the diagnostic ions would distinguish healthy from i
inferior vena cava’, 'stomach’ and ‘right kidney" are present, other attached to the left lateral abdomen? states?
and the segmentation results are visible. Y
LLaVA-Med Ground Truth Ground Truth
Liver, spleen. The liver is located below the diaphragm in the right upper quadrant and is ~ Structural adaptations such as myocardium thickness and a network of T-tubules make the left ventricular

The organs located inside the bounding box are the uterus, anatomical relationships.
right and left ovaries, and the cervix.

LLaVA-Med

MIMO
The image includes <p>3rd lumbar
vertebrae</p>, . <p>liver</p>, <p>right o
Kidney</p> and <p>pancreas</p>. The segmentation [ &
results are shown in the image.

provide.

(a) Perspective IT

integral to metabolic functions, while the spleen is situated on the left, contributing to
blood filtration and immune responses. Their locations further showcase their unique

The stomach, pancreas, and liver are all located in the abdominal cavity. The stomach is
below the diaphragm in the right upper quadrant, the pancreas is attached to the left
lateral abdomen, and the liver is in the right upper quadrant.

Includes <p>liver</p> , which is located below the A
diaphragm in the right upper quadrant, and <p>spleen</p>
, which is situated on the left side of the abdomen and has
metabolic functions as well as immune system roles. Their
locations highlight the interdependent functions they

(b) Perspective IIT

myocardium effective for forceful contractions, but also susceptible to ischemic heart diseases due to
higher metabolic demands. The left ventricle blocd cavity's size and compliance are essential for healthy
function; any changes may indicate pathologies like dilated pathy or hypertrop!

Diagnostically, imaging and measurements of wall thickness, cavity size, and ejection fraction would
differentiate between healthy and pathological states.

HuatuoGPT-Vision

‘The structural adaptations of the myocardium and its adjoining cavity, such as increased thickness or
irregular contours, can indicate pathological changes. In a healthy stafe, these structures should exhibit
uniformity in wall thickness with smooth boundaries befween chambers.Additionally, any asymmetry in
ventricular sizes could point towards conditions like cardiomyopathy. These features are critical for
diagnosing potential cardiac diseases early fo manage them effectively.

MIMO

Structural adaptations, like the
thickness and the ‘s size, influence
the cardiac output and thus the stress on the heart. These adaptations
make the myocardium and ventricle susceptible to certain diseases, such
as ischemia, hypertrophy, or dilation. i i healthy
from pathological states of ten involves imaging techniques like MRI or CT
fo assess the myocardium's thickness and the ventricle's dimensions,
revealing any abnormalities in the structural adaptations.

(c) Perspective IV

Figure 4. Qualitative analysis of experimental results from three perspectives. We compare the results with LLaVA-Med and HuatuoGPT-
Vision. MIMO can generate segmentation masks with relevant medical entities while outputting the answer.

the positive correlation between the model effect and the
amount of data, and also prove that the MIMOSeg dataset
can bring positive effects to multimodal medical tasks.

Table 4. Comparison with previous work on the held-out medi-
cal visual question answering datasets. The gray data represents
that the model uses a larger amount of data for training and is for
reference only.

Models VQA-RAD SLAKE PathVQA Avg.
HuatuoGPT-Vision [7] 63.8 74.5 59.9 66.1
Med-Flamingo [19] 454 435 54.7 47.9
RAD-FM [27] 50.6 34.6 38.7 41.3
LLaVa-Med [14] 51.4 48.6 56.8 52.3
Qwen-VL-Chat [4] 47.0 56.0 55.1 52.7
MIMO 58.8 57.0 52.4 56.1

5.4. Qualitative Analysis

To compare the capabilities of MIMO with existing med-
ical vision language models, we conduct case studies on
questions from different perspectives. Figure 4(a) shows
the recognition and segmentation results of the model for
organs in the bounding box under perspective II. It can be
seen that SAM-Med can perform segmentation, but it can-
not achieve the correspondence between the segmentation
results and the labels. LLaVA-Med can answer the ques-
tion, but due to the lack of visual association, the organ
recognition results are wrong. MIMO can give segmenta-
tion results while answering the question, and has higher
recognition accuracy. Figure 4(b) shows the reasoning of
the model on organ function under perspective I1I. LLaVA-
Med only answers partial organs, while MIMO answers all
the correct organs and gives the corresponding segmenta-
tion results. Figure 4(c) shows the knowledge question an-
swering results with the visual prompt under perspective IV.
HuatuoGPT-Vision and MIMO both answer based on the in-
ternal knowledge of the model. However, MIMO can more
intuitively give the corresponding segmentation results of

(a) Held-in mloU at Different Percentages (b) Held-in AP50 at Different Percentages

Perspective |

- Bmm Perspective |
0.6 { ™= Perspective Il

-

L]

mmm Perspective Il
mE Perspective Il
W Perspective IV

Perspective IIl
Perspective IV

mloU

021 0.10
0.1 0.05
0.0 0.00

25% 50% 75%  100% 25% 50% 75%  100%

Percentage Percentage

(c) Held-in F1 at Different Percentages (d) Held-out ACC at Different Percentages

= Perspective |

| 60 4
W Perspective Il
0.4 mmm Perspective Il
= Perspective IV 554
0.3
@ g%
<
02 454
017 404 —8— Slake-Closed
BZ —e— Rad-Closed
B —e— Path-Closed
0.0 351~ T T ;
25% 50% 75% 100% 25% 50% 75% 100%
Percentage Percentage

Figure 5. Held-in and held-out experimental results with different
ratios of training data.

the key medical entities in the answer.

6. Conclusion

In this paper, we present MIMO, the first medical multi-
modal large language model capable of simultaneously ac-
cepting visual prompts and generating text responses inter-
twined with grounded segmentation masks. To advance re-
search and model development, we constructed MIMOSeg
dataset, a large-scale, medical multimodal referring and
grounding dataset, consisting of 895K samples.

Limitations. For the Q&A generation approach used
in constructing MIMOSeg, it is capable of generating the
questions and answers only on the basis of the knowl-
edge base. Consequently, its scope is bound by the given
knowledge, limiting comprehensive coverage of informa-
tion available for data generation.
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