The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

Towards a Multimodal Large Language Model with Pixel-Level Insight for
Biomedicine

Xiaoshuang Huang*!- 2, Lingdong Shen?, Jia Liu', Fangxin Shang',
Hongxiang Li*, Haifeng Huang', Yehui Yang'"
! Baidu Inc
2 China Agricultural University
3 Institute of Automation, Chinese Academy of Sciences
4 Peking University
huangxs497 @gmail.com

Abstract

In recent years, Multimodal Large Language Models
(MLLM) have achieved notable advancements, demonstrat-
ing the feasibility of developing an intelligent biomedical as-
sistant. However, current biomedical MLLMs predominantly
focus on image-level understanding and restrict interactions
to textual commands, thus limiting their capability bound-
aries and the flexibility of usage. In this paper, we intro-
duce a novel end-to-end multimodal large language model
for the biomedical domain, named MedPLIB, which pos-
sesses pixel-level understanding. Excitingly, it supports vi-
sual question answering (VQA), arbitrary pixel-level prompts
(points, bounding boxes, and free-form shapes), and pixel-
level grounding. We propose a novel Mixture-of-Experts
(MoE) multi-stage training strategy, which divides MoE into
separate training phases for a visual-language expert model
and a pixel-grounding expert model, followed by fine-tuning
using MoE. This strategy effectively coordinates multitask
learning while maintaining the computational cost at infer-
ence equivalent to that of a single expert model. To ad-
vance the research of biomedical MLLMs, we introduce
the Medical Complex Vision Question Answering Dataset
(MeCoVQA), which comprises an array of 8 modalities for
complex medical imaging question answering and image re-
gion understanding. Experimental results indicate that Med-
PLIB has achieved state-of-the-art outcomes across multiple
medical visual language tasks. More importantly, in zero-shot
evaluations for the pixel grounding task, MedPLIB leads the
best small and large models by margins of 19.7 and 15.6 re-
spectively on the mDice metric.

Code — https://github.com/ShawnHuang497/MedPLIB

Introduction

Owing to their impressive capabilities in image under-
standing and text generation, models such as GPT-4V
and LLaVA (Liu et al. 2024) within the realm of Multi-
modal Large Language Models (MLLMs) have garnered
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widespread research interest from both academic and in-
dustrial sectors (Chen et al. 2023; You et al. 2023). Nu-
merous researchers have dedicated efforts to explore the po-
tential applications of MLLMs in the biomedical field (Wu
et al. 2023a; Zhang et al. 2023; Moor et al. 2023), including
LLaVA-Med (Li et al. 2024) and Med-PaLM M (Tu et al.
2024). MLLMs not only generate high-quality responses
but also analyze biomedical imagery, demonstrating signifi-
cant potential to transform traditional medical paradigms (Li
et al. 2024; He et al. 2024). For doctors, such chatbots could
significantly alleviate their heavy workloads and enhance ef-
ficiency. For patients, it provides more convenient access
to professional medical knowledge and advice (Liu et al.
2023a). Additionally, this could also help alleviate the un-
even distribution of medical resources, particularly in re-
gions where they are scarce.

Unlike the image-level VQA of MLLMs in the natural
world, the medical domain requires a finer-grained pixel-
level understanding to ensure accuracy and answer inter-
pretability. However, existing medical MLLMs (Li et al.
2024; Wu et al. 2023a; Moor et al. 2023; Tu et al.
2024) capacity remains restricted to image-level under-
standing, falling short of pixel-level perceptions. Pixel-level
MLLMs offer several advantages over image-level percep-
tion: Firstly, they are capable of recognizing and processing
detailed information by focusing on each pixel within an im-
age, such as small lesions or subtle changes in tissue struc-
tures. Secondly, they facilitate improved structural recog-
nition and pixel grounding. Pixel-level perception provides
more precise grounding outcomes, aiding physicians in bet-
ter understanding pathological images and formulating treat-
ment plans. Thirdly, pixel-level analysis enables models to
understand contextual information on a finer scale. Over-
all, pixel-level perception is particularly vital in multimodal
large models within the medical field, especially in applica-
tions requiring high accuracy and detailed recognition.

Pixel-level MLLMs in biomedicine currently face signif-
icant challenges due to these two issues: (1) Data scarcity:
Owing to privacy regulations and the high cost of label-
ing, there is a severe scarcity of pixel-level and complex
VQA data. Openly available VQA datasets are typically
designed for image-level multiple-choice questions or sim-
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Figure 1: MedPLIB is a biomedical MLLM with a huge breadth of abilities and supports multiple imaging modalities.

ple question-and-answer formats, lacking potential for pixel
analysis. Meanwhile, segmentation datasets usually contain
only segmentation masks and simple category labels, devoid
of textual semantic information. (2) Models: Medical VQA
often requires a combination of spatial understanding (pixel-
level understanding) to ensure confidence and interoperabil-
ity. Integrating both knowledge-based question-answering
and pixel-level analysis within the same MLLM is extremely
challenging. Such multimodal input and output not only de-
mand high architectural flexibility from the model but also
require the model to balance the knowledge and capabilities
of different tasks within a constrained parameter space.

For the first challenge, we propose MeCoVQA dataset.
it amasses a substantial collection of segmentation datasets
with category labels and, uses a Large Language Model
(LLM) in conjunction with manual processing. Specifically,
we first convert all segmentation masks of the images into
structured metadata, which includes modality, body part, im-
age orientation, and category labels corresponding to mask
instances. Then, we use this metadata as a prompt to pro-
vide the LLM, which generates a comprehensive descrip-
tion of the image. Finally, we integrate the metadata and im-
age description back as a prompt to the LLM to generate
complex question-and-answer data. For the second chal-
lenge, in terms of framework, we expand the LLM’s vo-
cabulary and incorporate a region projector to extend the
input modalities of the MLLMs. Additionally, inspired by
LISA (Lai et al. 2024), we introduce a “<SEG>" token
to identify and extract features necessary for pixel ground-
ing, combined with SAM-Med2D (Cheng et al. 2023) to ex-
pand the response modalities of the MLLMs. It is noted that
the overall framework is end-to-end. To better accommodate
tasks of varying granularity, such as pixel grounding tasks
and visual question-answering tasks, we introduce a novel
multi-granular MoE training strategy within MLLMs that in-
corporates expert prior knowledge. Specifically, we train two
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experts separately for VQA and pixel grounding tasks. Sub-
sequently, we integrate the two distinct experts via a training
router.

In summary, our contributions are as follows: (1) Model.
We propose an end-to-end MLLM with pixel-level insight
for biomedicine, named MedPLIB. It simultaneously sup-
ports VQA, pixel-level prompts (points, bounding boxes,
and free-form shapes), and pixel-level grounding. Exper-
imental results indicate that MedPLIB achieves state-of-
the-art outcomes across multiple medical visual language
datasets. (2) MeCoVQA Dataset. It comprises an array of
8 modalities with a total of 310k pairs for complex medical
imaging question answering and image region understand-
ing. (3) Open-source. The data, codes, and model check-
points will be released to the research community.

Related Work

Biomedical Visual Question Answering. Medical VQA
can be categorized into two types based on the scale of
the model and data size. Early approaches employ Convo-
lutional Neural Networks (Simonyan and Zisserman 2014),
long short-term memory models (Hochreiter and Schmid-
huber 1997) followed by feature fusion method (Kim, Jun,
and Zhang 2018) to generate response. Additionally, the
transformer-based approaches like BERT (Devlin et al.
2018) and BioBert (Lee et al. 2020) achieve impressive per-
formance. However, Due to the scarcity of medical data and
model size, these models were prone to overfitting, leading
to suboptimal robustness (Liu et al. 2023b). The emergence
and success of MLLMs across broad applications have been
well explored in the natural world (Liu et al. 2024; Chen
et al. 2023; You et al. 2023). Parallel to these developments,
the biomedical community has been zealously advancing the
capabilities of MLLMs. A focal point of recent research has
been the specialized domain of MLLMs, where significant
advances have been made, particularly highlighted by mod-
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Figure 2: Overview of the proposed MedPLIB. It consists of three parts: encoder, MoE LLM, and decoder.

els such as RadFM (Wu et al. 2023a), LLaVA-Med (Li et al.
2024), and others (Luo et al. 2023; Liu et al. 2023a). These
innovations have significantly advanced the biomedical ap-
plications of MLLMs. Although these models show strong
task transfer capabilities, they are limited to fixed image
and text inputs and outputs. This paper proposes expand-
ing MLLMs to handle diverse input modalities (images, text,
free-shape region prompts) and outputs (text, masks) to fully
harness their potential.

Biomedical Image Segmentation. Over the decades,
medical image segmentation has evolved significantly, with
specialist small models under specific imaging modalities,
such as U-Net (Ronneberger, Fischer, and Brox 2015), Tran-
sUnet (Chen et al. 2021), and Swin-Unet (Cao et al. 2022),
achieving commendable results. However, the robustness
and generalizability of these specialist models are subop-
timal, restricting their application across multiple medi-
cal imaging modalities simultaneously. Recent research has
shifted focus towards generic medical image segmenta-
tion (Zhang and Liu 2023; Wu et al. 2023b) and text-guided
pixel grounding (Li et al. 2023b; Huang et al. 2024), yet
both are hindered by data scarcity and model capacity, lim-
iting performance enhancements. Unlike these approaches,
our work is pioneering in the medical image analysis domain
as we explore the expansion of pixel grounding capabilities
within MLLMs, demonstrating the potential to circumvent
the limitations of previous methods.

Mixture of Experts. MoE models have been proposed
to augment the number of model parameters without incur-
ring additional computational costs in machine learning (Ja-
cobs et al. 1991; Fedus, Zoph, and Shazeer 2022). A series
of approaches naturally decouple experts based on modal
categories and pre-define each expert to handle a specific
task (Long et al. 2023). This allows for the efficient utiliza-
tion of shared model parameters. However, it necessitates
manual switching between the required experts and lacks
adaptive coordination among tasks. Recently, researchers in
the fields of multimodal and natural language processing
have focused on the study of soft routers (Chen et al. 2024).
Soft MoE systems could lead the model to adaptively ad-
just between experts based on the input data and achieve
model sparsity. The work most relevant to our architecture
includes MoE-LLaVA (Lin et al. 2024) and LLMBind (Zhu
et al. 2024), where all experts possess and are limited to the
same prior knowledge. our paper focuses on resolving con-
flicts among various tasks. We advocate for distinct experts
to possess independent task-specific prior knowledge and to
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coordinate among different tasks effectively.

Method
Architecture

The overall framework of MedPLIB comprises three struc-
tural layers: the encoder, the MoE LLM, and the decoder, as
illustrated in Figure 2.

Encoder The encoder aims to encode all types of inputs
(image, text, visual prompt) into a unified feature space.
Vision Tower and Pixel Encoder. Given the input image
v € REXWX3 we utilize the pre-trained CLIP visual en-
coder CLIP-ViT-L/336 (Radford et al. 2021) with a vision-
projector as vision tower to extract the feature V' € R *Nv,
where N, = % X % and C, is the hidden size of vision

tower. Then project it as V € RCumxN v, where (Y., is the
hidden size in the MoE LLM. Similarly, we employ a pre-
trained Visual Transformer (ViT) (Dosovitskiy et al. 2020)
with medical adapter layers (Cheng et al. 2023) as pixel en-
coder to get the pixel features V,, € R *No_ where C,, de-
notes the hidden size in the pixel decoder.

Vision Prompt Encoder. This block aims to appropri-
ately prompt the LLM with user-specified areas of in-
terest (boxes, points, free shapes) as inputs. Inspired by
SEEM (Zou et al. 2024), we define a vision sampler to con-
vert all types of non-textual queries into visual prompts that
reside within the same visual embedding space. Assuming
the area of interest input is R and m is the sampling pixel
number, the visual prompt features V., can be formatted as
Vop = MLP(¢(V,m)), where ¢ and M LP is the random
sampling function and linear function.

Text Prompt Embedding. Inspire by LLaVA (Liu et al.
2024), we expand the tokenizer’s vocabulary with “<re-
gion>" and “</region>" tokens to better integrate vi-
sual and textual prompts while distinguishing between their
types. Assuming the input text is processed through the
text prompt embedding layer to yield textual features T' €
RCum*Ne \where Ny is the embedded text length. We then
use the embeddings of “<region>" and “</region>" to en-
capsulate the visual prompts V,,,,. These are then embedded
into specified positions in the textual feature sequence to ob-
tain 7' € RCum xNe | whereANt =N+ 1.

Finally, we concatenate V' and T’ to obtain the output X €
RCum %L of the encoding module, where L = N, + N,,.

Large Language Model with MoE For the given input
X, the operation of the plain feed-forward layer with LoRA
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Figure 3: The multi-granular training strategy and the MoE block.

can be abstracted as X = WX + AWX, where W €
RCumxCum is the fixed parameter and AW € RCumxCum
denotes the parameter update in the training phase.

To better accommodate tasks of varying granularity, such
as pixel grounding tasks and visual question-answering
tasks, we have introduced the MoE into the Feed Forward
Network (FFN) within the LLM. Let’s consider the vision-
language expert as F,,; and the grounding expert as Fground-
The forward process of MoE layer can be formulated as:

X G( )( ol Xground) (1)

G(X) = Softmax(W, - X) 2)

Kot = GOO(BuiX + =AW X) 3)
Xground = G(X) (EgroundX + %AWIX) (4)

where G(-) denotes the router network in the MoE layer
and W, is a trainable parameter. The o and r is hyper-
parameter. The Wy = ByAg and Wy BjA; where
Ap, Ay € RCum <7 By, By € R7*Cum  Therefore, each
token in X is processed by the top-1 expert with the highest
probability, and the weighted sum is calculated based on the
probabilities of the router.

Decoder For text, we use a linear layer as the Decoder,
similar to common language models. For pixel-level ground-
ing decoding, we follow LISA (Lai et al. 2024). We ex-
tract the last-layer embedding ﬁgmund corresponding to
the “<SEG>" token and utilize the T-projector to obtain
hground- Finally, we use the SAM-Med mask decoder + to
obtain the prediction mask M. This process can be formu-
lated as M = y(hground; Vp)-

Multi-stage Training As shown in Figure 3, we present
the multi-stage training strategy.

Stage I-Alignment: Following LLaVA-Med (Li et al.
2024) and LLaVA (Liu et al. 2024), we consider only the
cross-entropy loss L4 for text responses during this stage.

Stage II-Recognition: We train the MLLM as a base
model to create an MLLM proficient in medical knowl-
edge and medical imagery understanding. In this stage, we
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tackle complex visual-language tasks, such as visual knowl-
edge multiple-choice questions, intricate medical Q&A, and
region-based visual question answering. Specifically, we use
vast question-and-answer pairs to fine-tune all modules ex-
cept the vision tower. Thus, we have obtained a MLLM en-
riched with extensive medical imaging knowledge, where
the FFN can be designated as ;. Similar to stage I, the
training objective is to minimize the loss L,¢g4.

Stage III-Grounding: To enhance the pixel grounding ca-
pability of the model, we focus on training the grounding
expert in this stage. We use the model obtained from stage 11
as the initial model. We then train using the MeCoVQA-G
dataset specifically targeting the FFN layer, pixel decoder,
and T-projector. Ultimately, we achieve an MLLM equipped
with pixel grounding knowledge, where the FFN is desig-
nated as Eg,ound- In this stage, we use binary cross-entropy
Lyce and dice loss L g;c. for pixel grounding losses, and L.
for the text responses associated with the “<SEG>" token.

Stage IV-Adaption: After completing stage II and stage
III, we obtain the parameters for E,;, Egrouna, and other
modules. We then mix all available data and unfreeze all pa-
rameters, employing LoRA for fine-tuning through expert
mixing. Using the router G(-), tokens are distributed to dif-
ferent experts for collaborative processing. This approach
not only maintains minimal computational expenditure but
also preserves the distinct prior knowledge of each expert.
During mixed training, the optimization objective can be for-
mulated as:

L= )\reg‘creg + )\bceﬁbce + )\dice‘cdice (5)

where A;cg, Apces Ldice are the hyperparameters to balance
different objectives.

MeCoVQA Dataset

Large models are increasingly used to generate high-quality
data, addressing data scarcity. However, in medical imag-
ing, open-source datasets for detailed question-and-answer
interactions remain limited. These are vital for intelligent
biomedical assistants who need to perform detailed medical
analyses and interact with patients. We suggest a new strat-
egy for creating such detailed interactive data. MoCoVQA
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Figure 4: The construction pipeline (a) and a sample (b) of the MoCoVQA dataset.

was generated through the collaborative efforts of humans
and an Al assistant, derived from large-scale biomedical im-
age segmentation datasets. As shown in Figure 4, the gener-
ation process can be divided into three steps:

I. Manually generating instance-level meta information
for each image based on its mask. We randomly sampled
100k biomedical images with instance masks from the SA-
Med2D-20M (Ye et al. 2023a). Then we enrich the im-
ages with additional details to compile the meta informa-
tion, which includes modality, scanned region, orientation,
and object instances.

II. We use an Al assistant to get global descriptions for
images, adjusting prompts to produce 500 data points per
modality, which are manually reviewed for quality. We final-
ize the prompts only when all points meet quality standards.

III. Utilizing the Al assistant to craft pixel-level conversa-
tions based on the meta information and global descriptions
obtained in step II. At this step, we used complex instruc-
tions to generate diverse data, manually refining prompts
multiple times, as in stage II, to ensure quality.

The MeCoVQA dataset could be divided into three sub-
sets: MeCoVQA-C (MeCoVQA-Complex), MeCoVQA-
R (MeCoVQA-Region), and MeCoVQA-G (MeCoVQA-
Grounding), which are used for complex VQA, region VQA,
and pixel grounding, respectively. Complex VQA and region
VQA are constructed through the aforementioned pipeline.
MeCoVQA-G is generated by specifying question tem-
plates combined with mask category labels. Overall, the
training set numbers for MeCoVQA-C, MeCoVQA-R, and
MeCoVQA-G are 80k, 126k, and 100k respectively. Ad-
ditionally, the numbers of their corresponding test sets are
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1477, 2633, and 2344, respectively. For more information
about MeCoVQA datasets, please refer to the Appendix.

Experiments
Experimental Setup

Model Settings. We employ SAM-Med2D (Cheng et al.
2023) as the pixel encoder and mask decoder. We use
LLaMA-7B (Touvron et al. 2023) as a base LLM. Following
LLaVA 1.5 (Liu et al. 2024), we utilize CLIP-Large (Rad-
ford et al. 2021) as the vision tower and the MLP consists of
two linear layers with GELU activation function (Hendrycks
and Gimpel 2016). The parameters of the model with 2 ex-
perts are 12 Billion. The training durations for stages I to IV
are 9, 17, 15, and 77 hours, respectively. We provide addi-
tional model details in the Appendix.

Datasets. For the training data in stage I, we employ
LLaVA-Med-alignment (Li et al. 2024). We utilize the
union of MeCoVQA-R, MeCoVQA-C, SLAKE (Liu et al.
2021), PathVQA (He 2021), PMC-VQA (Zhang et al.
2023), ImageClef2021 (Ben Abacha et al. 2021), Image-
Clef2019 (Abacha et al. 2019), and VQA-RAD (Lau et al.
2018) in stage II. In stage I1I, we use MeCoVQA-G for train-
ing. Finally, we employ all data used in stages II and III for
training in stage I'V. The data volumes for stages I to IV are
330k, 400k, 100k, and 500k, respectively.

Metrics. For closed-set VQA, we report accuracy. For
open-set VQA, we report precision and recall. For pixel-
level grounding, we report the mean dice score.



Model | Param | OmniMedVQA Benchmark | MeCoVQA Test

‘ ‘ CT MR OCT Der MIC X-Ray FP UsS Mean ‘ MeCoVQA-C ‘ MeCoVQA-R

MiniGPT-4 (Zhu et al. 2023) 7B 23.67 28.65 33.62 4128 29.31 37.15 4246 2642 3282 -

BLIP-2 (Li et al. 2023a) 4B 59.90 4347 69.57 4093 5146 6497 67.61 39.05 54.62 -

InstructBLIP (Dai et al. 2024) 7B 2948 36.13 4554 63.02 48.65 58.14 4432 4335 46.08 - - - -
LLaVA (Liu et al. 2024) 7B 18.33 28.87 3721 49.67 28.7 28.35 34.05 23.16 31.04 3039 41.00 18.01 4498

VPGTrans (Zhang et al. 2024) 7B 22.88 2647 2723 4542 2553 4418 36.83 27.49 32.00 - - - -

RadFM (Wu et al. 2023a) 14B 2793 2471 3396 3832 2627 26.60 3141 1654 28.22 - - - -
LLaVA-Med (Li et al. 2024) 7B 19.55 3049 3896 4642 29.27 32.41 43.13 3037 33.83 19.88 3394 1547 34.86
LISA (Lai et al. 2024)" 7B 62.96 49.01 66.19 41.61 5470 6234 46.71 32,10 5195 56.63 52.83 1231 13.20
MedPLIB-w/o MoE 7B 63.22 50.12 67.24 4337 5498 62.87 49,55 3370 53.13 56.66 5294 54.60 52.87
MedPLIB 12B/7B | 62.70 66.97 75.05 5147 6440 60.25 65.04 3875 60.58 5849 4941 6492 63.84

Table 1: Performance on VQA. For closed-set OmniMedVQA (Hu et al. 2024), we report accuracy metrics. For open-ended
MeCoVQA, we report precision (left) and recall (right) metrics. “CT”, “MR”, “OCT”, “Der”, “Mic”, “US”, “FP” denote
Computed Tomography, Magnetic Resonance Imaging, Optical Coherence Tomography, Dermoscopy, Microscopy Images,
Fundus Photography, and Ultrasound, respectively. The ”A/B” format in the column of Parameters(Param.) indicates activated
parameters during training and inference. " represents that we implement by office open-source code on our MeCoVQA dataset.

Model | Param. | MeCoVQA-G Test | Zero-shot
| | Der CT PET Mean | X-Ray End MR Us FP  Mean
LViT (Li et al. 2023b) w23 30M 84.37 58.10 7445 7231 23.15 11.87 12.18 0.46 15.13  12.56
RecIMIS (Huang et al. 2024) anivos | 74M/24M | 88.81 7496 81.15 8l.64 26.62 10.19  3.54 0.00 11.29  10.33
LAVT (Yang et al. 2022) cvrr22 119M 92.59 7734 79.13 83.02 17.51 4.09 1.04 0.00 0.12 4.55
DMMI (Hu et al. 2023) iccv23 115 93.38 79.97 80.63 84.66 18.46 0.68 1.97 0.00 0.04 4.23
LISA (Lai et al. 2024) cvrr24 7B 81.33 52.68 5420 62.74 17.02 3242 1199 1437 7.64 16.69
MedPLIB-w/o MoE 7B 79.66 5592 5697 64.18 20.92 3643 15.87 1798 11.31 20.50
MedPLIB 14B/7B 7990 59.83 64.59 68.11 28.25 44.19 27.52 35.64 2576 32.27

Table 2: Performance on MeCoVQA-G test set and zero-shot on cross modalities. The MeCoVQA-G test set compromises
three modalities (CT, dermoscopy, PET). “End” denotes Endoscopy. The ”A/B” format in the column of Parameters(Param.)
indicates activated parameters during training and inference. All results in this table are implemented by office open-source

code on our MeCoVQA-G dataset.

Performance Evaluation

Performance on VQA Benchmark. OmniMedVQA (Hu
et al. 2024) is a large medical VQA benchmark that utilizes
single-choice questions. We present the evaluation results
of the open-source portion of the OmniMedVQA bench-
mark in Table 1. Across seven modalities, MedPLIB leads
the second-best model, BLIP-2 (Li et al. 2023a), by an ad-
vantage of 7.84 points in the mean performance. Addition-
ally, our MedPLIB significantly outperforms other biomed-
ical MLLMs. For more analysis of this table, please refer to
the Appendix.

Complex VQA Evaluation. Compared to test sets like
OmniMedVQA (Hu et al. 2024), MeCoVQA-C features
longer open-ended questions. As indicated in the third and
fourth columns at the end of Table 1, our MedPLIB achieves
better precision compared to LISA (Lai et al. 2024), but
slightly lower recall. We believe this is due to MedPLIB bal-
ancing its pixel grounding capabilities, which slightly com-
promises its ability to handle long-text VQA tasks.

Region-level VQA Evaluation. Region-level VQA de-
mands pixel-level image understanding. Current models
lack support for region-specific prompts. To enable this,
we integrate coordinates into the prompts for models like
LLaVA (Liu et al. 2024), LLaVA-Med (Li et al. 2024), and
LISA (Lai et al. 2024). As demonstrated in the last two
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columns of Table 1, our MedPLIB significantly outperforms
these models.

Pixel Grounding Evaluation. Since there has not yet
been a biomedical MLLM with pixel grounding capabili-
ties, we compare our MedPLIB with small models that pos-
sess pixel grounding capabilities and with the influential
LISA (Lai et al. 2024) from the general domain. As shown
in the second column of Table 2, our MedPLIB surpasses
LISA (Lai et al. 2024) by 5.37 points on the mDice met-
ric in the MeCoVQA-G. However, it performs closely to the
small model LVIT (Li et al. 2023b) and significantly lags
behind DMMI (Hu et al. 2023).

Zero-shot to Pixel Grounding. To evaluate the general-
ization capabilities of our model, we conducted zero-shot as-
sessments on five medical imaging modalities that the model
did not see. As shown in the last six columns of Table 2,
our MedPLIB demonstrated remarkable generalization ca-
pabilities. It significantly outperformed the best model on
the MeCoVQA-G Test set, LViT (Li et al. 2023b), and pixel-
grounding MLLM (LISA (Lai et al. 2024)). This under-
scores the substantial potential of our approach in addressing
the generalization challenges that small models for medical
image grounding struggle to overcome.



| stagel stageIl stageIIl stageIV | MeCoVQA-C MeCoVQA-R OmniMedVQA MeCoVQA-G | Mean
(a) - - - - 60.18 58.88 53.30 34.11 51.62
(b) v 58.01 62.91 57.55 38.48 54.24
() v v 58.76 63.74 57.95 37.22 54.42
(d) v v v 58.25 63.24 57.00 39.63 54.53
(e) v v v 58.20 5791 56.00 47.52 5491
®) v v v v 60.55 62.14 57.90 46.73 56.83
Table 3: Effect of the different training stages.
MeCo- MeCo- OmniM- MeCo- E ts E £ VL
CF Topk | yoA-C VQA-R edVQA VQA-s Mean oo *pert 5ed *per
1 1 57.95 59.23 55.85 4492 54.49
1.5 1 60.55 62.14 57.9 46.73 56.83
2 1 55.35 55.94 56.15 46.64 53.52 50%
2 2 55.05 57.64 54.35 45.32 53.09 )
Table 4: Effect of the hyper-parameters. “CF” denotes the

capability factor of the expert. “Top-k” represents distribut-
ing the token to the top k experts with the highest probabil-
ities for processing.

Qualitative Results

Figure 1 illustrates the performance of MedPLIB across var-
ious capabilities, addressing many issues beyond the scope
of existing biomedical MLLMs. Additionally, we visual-
ized the distribution of tokens among different experts in
Figure 5. Overall, each expert processed about half of the
tokens. This indicates that in MedPLIB, E,; and Eg;.ounq
achieved a good level of collaboration and load balancing.
Additionally, we provide more results in the Appendix.

Ablation Study

We investigated the impact of MoE, training stages, and key
hyperparameters on model performance in this section. It is
important to note that conducting ablation experiments on
all data is prohibitively costly, so during the ablation stage,
we used a training set consisting of 20k samples extracted
from the total dataset. For testing, we extracted 400 samples
from the original MeCoVQA-C and MeCoVQA-R test sets
and 2000 samples from OmniMedVQA (Hu et al. 2024).

Effect of MoE. The variants (a) and (b) in Table 3 display
the performance of using a standard FFN and a MoE, respec-
tively. Overall, the average performance of MoE across four
datasets is 2.62 points higher than that of FFN, demonstrat-
ing MoE’s adaptability to our tasks.

Effect of Multi-stage Training. In Table 3, we conduct
five variant experiments to demonstrate the rationale of our
multi-stage tuning. Following LLaVA-Med (Li et al. 2024),
we samely use stage I to align visual features to text embed-
ding space. Variants (b) and (c) indicate that having align-
ment is more beneficial for fine-tuning in stage IV. Variants
(c) and (d) demonstrate that using the E,; from stage II as
the initial weights for stage IV helps the model focus more
on VL tasks. Similarly, variants (c) and (e) show that using
the Egrouna from stage III as the initial weights for stage
IV help the model focus more on VL tasks. Lastly, the tun-
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Figure 5: Distribution of tokens among different experts.

ing strategy in stage IV as per variant (f), compared to vari-
ant (b), allows the model to better balance image-level and
pixel-level tasks.

Effect of Top-k. We explored the impact of using top-
1 and top-2 routing on model performance. Utilizing top-
2 in our experiments implies equivalence to a dense model
(where each expert processes all tokens) since we are using
only two experts. The last two rows of Table 4 indicate that
a dense model is less effective than a sparse activated model.

Effect of Capability Factor. We examined the impact of
the Capacity Factor (CF). At CF=1, each expert handles up
to half the tokens, risking information loss due to their prior
knowledge. At CF=2, experts can process all tokens, lead-
ing to noise and redundancy. Empirical evidence suggests
CF=1.5 is optimal, balancing the reduction of information
loss and noise in token distribution.

Conclusion

In this paper, we present MedPLIB, a multimodal large lan-
guage model with pixel-level insight for biomedicine. Med-
PLIB features flexible inputs and outputs, thereby support-
ing multiple tasks and creating a more versatile and patient-
friendly MLLM. To achieve the mentioned targets, we have
made efforts on both the model and data levels. On the
model level, we introduce a three-layer architecture and a
novel MoE training strategy within MLLMs that incorpo-
rates expert prior knowledge. On the data level, we intro-
duce the MeCoVQA, which comprises an array of 8 modal-
ities for answering complex medical imaging questions, un-
derstanding image regions, and pixel grounding. Experi-
mental results indicate that MedPLIB has achieved state-
of-the-art outcomes on the OmniMedVQA benchmark and
MeCoVQA test sets. Moreover, MedPLIB has demonstrated
encouraging performance in its zero-shot ability for pixel-
level grounding.
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