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Fig. 1: MeDiM, the first medical discrete diffusion model, is a flexible multimodal gen-
erator that simultaneously supports: (i) medical image generation from clinical reports,
(ii) report generation from medical images, and (iii) joint synthesis of image–report
pairs. Zoom in for a better view.

Abstract. Recent advances in generative medical models are often con-
strained by modality-specific scenarios that hinder the integration of
complementary evidence, such as imaging, pathology, and clinical notes.
This fragmentation limits their development to true foundation models
that empower medical AI agents to learn from and predict across the

https://orcid.org/0000-0002-6741-7033
https://orcid.org/0009-0006-0275-6647
https://orcid.org/0009-0009-9057-1133
https://orcid.org/0000-0001-7286-3452
https://orcid.org/0000-0002-5031-4337
https://orcid.org/0000-0002-3466-5639
https://orcid.org/0000-0002-4621-881X
https://orcid.org/0000-0003-2232-9563
https://jwmao1.github.io/MeDiM_web/


2 J. Mao et al.

full spectrum of biomedical knowledge. To address these challenges, we
propose MeDiM, the first medical discrete diffusion model that learns
shared distributions across different medical modalities without requiring
modality-specific components. MeDiM unifies multiple generative tasks:
it flexibly translates between images and text or jointly produces im-
age–report pairs across domains in response to user prompts. It builds on
a discrete diffusion framework that unifies vision and language represen-
tations by modeling their shared probabilistic distribution. To empower
the diffusion process to support unified and versatile medical generation,
we employ a multimodal large language model (MLLM) as the diffusion
backbone, leveraging its rich prior knowledge and cross-modal reason-
ing abilities. Because MLLMs are trained with causal (autoregressive)
masking while diffusion denoising benefits from bidirectional context,
MeDiM introduces two adaptation designs: 1) removing the causal at-
tention mask to enable a fully bidirectional information flow essential
for mutual alignment, and 2) injecting continuous timestep embeddings
to make the MLLM aware of the diffusion steps. Extensive experiments
validate MeDiM as a unified foundation model capable of high-fidelity
medical generation across various modalities, including medical image
generation (16.60 FID on MIMIC-CXR; 24.19 FID on PathGen) and re-
port generation (0.2650 METEOR on MIMIC-CXR; 0.2580 METEOR on
PathGen). In addition, the jointly generated medical image-report pairs
improve the downstream task performance (+6.43% BLEU-1, +18.57%
BLEU-2, +31.58% BLEU-3, and +4.80% METEOR in PathGen), en-
abling the use of multimodal inputs and the production of coherent,
clinically grounded outputs.

Keywords: Medical Image Analysis · Discrete Diffusion Model · Mul-
timodal Learning

1 Introduction

Modern medical systems and doctors rely on synthesizing multimodal evidence,
encompassing radiology images, digital pathology images, EHR info and clin-
ical reports. However, most existing medical AI models remain limited to iso-
lated modalities (19). They often face limited insights when interpreting complex
cases. For instance, current AI tools are unable to jointly analyze a lung nodule’s
imaging with its corresponding biopsy mutation status to predict treatment re-
sistance, or generate clinically grounded images (e.g., counterfactual follow-up
radiological scan or representative pathology patches) that visualize likely out-
comes under different therapies. Bridging this gap demands a foundational shift:
a unified, domain-aware multimodal system capable of understanding hetero-
geneous inputs, while generating clinically meaningful outputs. Such a system
would directly address the challenge of cross-modal alignment in the medical
context and serve as a foundation for medical AI agents that can learn from and
generate across the full spectrum of biomedical knowledge.

Medical multimodal synthesis can represent a promising direction toward
generalist medical AI agents, but existing methods remain limited. Medical-
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specific models like PairAug (34) and MedM2G (39) either rely on disconnected
external models, preventing strict semantic alignment, or use modality-specific
components that are difficult to adapt to multiply modality. In contrast, the nat-
ural image domain has witnessed the emergence of unified models (28; 32; 33; 35)
that, within a single framework, simultaneously support both generation and
understanding tasks without the need for modality-specific designs. Liquid (32)
extends a pre-trained large language model (LLM) into a unified multimodal
auto-regressive (AR) framework, allowing images and text to share a token space
for both visual understanding and generation without altering the LLM archi-
tecture. Swerdlow et al. (27) note that while AR models excel in text, their
token-by-token prediction limits efficiency, motivating a unified multimodal dis-
crete diffusion model that enables higher-quality, diverse, and controllable gen-
eration. Yang et al. (35) further propose MMaDA, employing a unified diffusion
architecture to jointly model image and text distributions. However, it does not
support the paired generation of image-text outputs, a critical capability needed
to address the medical challenges outlined above.

To our knowledge, no such unified models currently exist in the medical
domain that could synthesize multimodal information while supporting mul-
timodal generation (see Fig. 2). In this work, we propose MeDiM, the first
medical discrete diffusion model that simultaneously models shared distribu-
tions across different modalities. Compared to domain-specific expert models,
MeDiM can simultaneously perform diverse medical tasks across multiple med-
ical modalities and domains, including medical image/report generation, and
medical paired image–report synthesis (as shown in Fig. 1). A core design is the
use of a Multimodal Large Language Model (MLLM) as the backbone for the dif-
fusion process. Pre-trained MLLMs provide strong distribution-alignment priors
from large-scale vision–language pretraining, making them powerful guides for
multimodal generation. Their increasingly unified architectures are particularly
well suited for paired image–report generation. Unlike MMaDA (35), which is
restricted to diffusion-based MLLM backbones (20), our MeDiM can extend to
a broader class of autoregressive (AR) MLLMs, offering greater generality and
flexibility. However, adapting MLLMs to discrete diffusion introduces a funda-
mental mismatch: MLLMs are trained with a causal (autoregressive) attention
mask, while the multimodal diffusion denoising process is inherently non-causal
(e.g., requires bidirectional context). To resolve this, MeDiM incorporates two
key modifications: (1) causal attention removal, enabling full bidirectional
information flow for improved cross-modal alignment, and (2) injecting con-
tinuous timestep embeddings, allowing the MLLM to track diffusion steps.
In addition, we integrate adaptive layer normalization (AdaLN) (3; 13; 22) to
further stabilize the training and enhance its generative capability.

Our experiments demonstrate that MeDiM can function as a versatile foun-
dation model for unifying various medical generative tasks: 1) For medical im-
age generation, MeDiM achieved state-of-the-art (SoTA) Frechet Inception Dis-
tances (FID) on the MIMIC-CXR (12) and PathGen (26) datasets, respectively
(Tab. 1 and Tab. 2; 16.60 FID and 24.19 FID), generating high-fidelity medical
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Fig. 2: Architectural comparison of medical multimodal models. (“BACK-
BONE”) indicates the backbone adopted in each framework. Prior approaches (A-D)
cannot perform paired generation and suffer from other key limitations, such as re-
quiring modality-specific components (A, B), inference inefficiency (C), or backbone
inflexibility (D). In contrast, our model, MeDiM (E), provides a unified framework
designed to overcome these challenges.

images across different modalities (Fig. 4; robust and high visual quality). 2) For
medical report generation, MeDiM generated corresponding clinical reports from
input medical images, demonstrating semantic alignment with target reports in
MIMIC-CXR and PathGen datasets, respectively (Tab. 3; METEOR score of
0.265 and 0.258). 3) MeDiM generates highly consistent(Fig. 5a; higher consis-
tency score in both large vision–language models (VLM) and human evaluation)
medical image–report pairs. The generated medical image–report pairs can fur-
ther improve the performance of VLM on downstream medical report genera-
tion tasks (Fig. 5c; +6.43% BLEU-1, +18.57% BLEU-2, +31.58% BLEU-3, and
+4.80% METEOR in PathGen). 4) Comparative analyses of backbone choices
(Sec. 3.7; improve with MLLM backbone) reveal that MLLM backbones are
particularly well-suited for multimodal paired generation in medical discrete dif-
fusion models.

In summary, the key contributions of this work can be distinguished in the
following aspects:
�We propose MeDiM, the first medical discrete diffusion model that models

shared distributions in different medical modalities, without requiring modality-
specific components.
� MLLMs with distribution-alignment priors are identified as superior back-

bones for discrete diffusion models in medical multimodal generation.
� MeDiM demonstrates state-of-the-art (SoTA) or competitive performance

in unified medical image analysis and generation tasks, with the generated med-
ical image–report pairs improving the performance of medical vision–language
models (VLMs).

2 Method

We propose MeDiM, the first discrete diffusion model with MLLM designed
for medical multimodal generation. The framework aims to jointly model the
shared distributions between medical images and reports without requiring ad-
ditional modality-specific components, thereby providing flexibility to accommo-
date more medical modalities. Fig. 3 illustrates the overall framework of MeDiM.
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Fig. 3: Overview of the MeDiM architecture. The framework integrates an
MLLM backbone within a discrete diffusion process for unified medical multimodal
generation. During the forward process, data is tokenized and diffused over timesteps.
The MLLM is then trained to reverse this process. Key architectural adaptations, in-
cluding causal attention removal, timestep embeddings, and AdaLN, adapt the autore-
gressive MLLM for the bidirectional denoising required for unified medical generation.

This section introduces discrete diffusion models in the medical domain and
MeDiM’s architectural design. Related background can be found in Sec.A of
appendices.

2.1 Discrete Diffusion Models

Diffusion models (10; 23) are probabilistic generative models that learn to ap-
proximate data distributions by sequentially corrupting and denoising samples.
The forward diffusion process gradually perturbs the data sample x0 with noise
over a sequence of timesteps t, producing a latent distribution q(xt):

xt � q(xt j x0) = N
�
xt;
p

��tx0; (1� ��t)I
�
; (1)

where ��t =
Qt
s=1(1 � �s) denotes the cumulative retention coefficient and �t

represents the pre-defined noise variance at timestep t. The reverse diffusion
process involves learning a parameterized denoising model �(:) to iteratively
reconstruct the original data from noisy inputs:

xt�1 =
1
p
�t

�
xt �

1� �tp
1� ��t

�(xt; t)

�
+

r
1� ��t�1
1� ��t

�t z; z � N (0; I) (2)



6 J. Mao et al.

We introduce a discrete diffusion model (25) for medical multimodal genera-
tion that jointly models medical images and reports within a shared probabilistic
space.
Forward Diffusion. Our medical discrete diffusion models operate directly on
sequences of discrete symbols x0 consist of report tokenizations xr0 and quan-
tized medical image tokens xi0 encoded by VQ-VAE (31). The forward diffusion
process is formulated as a Markov chain q(xt j xt�1), where original symbols
are gradually replaced with noise symbols, until the distribution converges to
an approximate uniform distribution at a large timestep T . This process is pa-
rameterized by a transition matrix Qt 2 RK�K , where K denotes the sum of
vocabulary size for the text tokenizer and VQ-VAE codebook. The elements of
Qt represent the transition probabilities between discrete states, i.e., [Qt]ij is the
probability of transitioning from state i at timestep t� 1 to state j at timestep
t. Considering that absorbing transition matrices yield better performance in
multimodal tasks (1; 18), MeDiM introduces a special [MASK] token as an ab-
sorbing state, which serves as the noise symbol during the forward diffusion
process. Please note that with the introduction of the additional [MASK] token,
the dimension of the transition matrix is expanded to Qt 2 R(K+1)�(K+1). Ac-
cordingly, the transition matrix Qt for the absorbing state formulation can be
expressed as:

Qt = �tI + (1� �t) 1 e>m; (3)
here, �t 2 [0; 1] is the retention probability, 1 is a vector filled with ones, and em
indicates the canonical basis vector that activates only the absorbing [MASK]
state m. This construction ensures that once a token is replaced by the [MASK]
symbol, it remains in that state for all subsequent timesteps. Consequently, the
forward transition distribution is given by a categorical distribution:

x0 = [xr0; xi0]

q(xt j x0) = Cat(xt; p = �Qtx0);
(4)

where �Qt =
Qt
s=1Qs. This implies that, as the number of timesteps increases, the

input sequence is progressively replaced by [MASK] tokens, and at a sufficiently
large timestep, the distribution converges to the absorbing state, providing a
well-defined initialization for the reverse diffusion process.
Reverse Diffusion. The reverse diffusion process aims to reconstruct the orig-
inal data sequence from noisy inputs by progressively recovering masked or
transitioned symbols. Specifically, given a corrupted sequence xt at timestep
t, the discrete diffusion model parameterizes the reverse transition distribution
p�(xt�1 j xt), which estimates the probability of recovering the clean symbol at
the previous step. Formally, this process is defined as a categorical distribution
over the shared vocabulary space:

p�(xt�1 j xt) = Cat
�
xt�1; �(xt; t)

�
; (5)

where �(xt; t) 2 �K+1 denotes the predicted categorical probabilities at timestep
t, and �K+1 is the probability simplex over the extended vocabulary including
the [MASK] token.
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To effectively model multimodal medical data, we parameterize �(xt; t) using
a backbone network f�(�) built upon an MLLM. MeDiM incorporates timestep
embeddings into the MLLM backbone, ensuring temporal conditioning across
the transition trajectory. At each step, f� leverages prior alignment between
medical image tokens and report tokens. Consequently, the reverse chain iter-
atively recovers x0 = [xr0; xi0] from a fully masked initialization, producing
coherent paired outputs that align medical visual and textual modalities. The
training objective (24) can be defined as the expected negative log-likelihood of
recovering the original data sequence, weighted by the transition schedule:

L = �Et�U(0;1);q(xtjx)

�
�0t

1� �t
log p�(x0 j xt)

�
; (6)

�0t = �t��t�1, i.e., the incremental change in retention probability with respect
to timestep t. This objective ensures that the model learns to accurately approx-
imate the reverse transition distribution across the entire transition trajectory.

2.2 Discrete Diffusion with MLLMs

A central design in our framework is the integration of a MLLM as the back-
bone to empower the discrete diffusion process to support unified medical mul-
timodal generation. This selection is motivated by several key advantages of
MLLMs: 1) MLLMs provide powerful cross-modal alignment priors from large-
scale vision-language pre-training, which are crucial for ensuring the semantic
and visual consistency of generated image-report pairs. 2) Their unified token-
based representation offers inherent scalability, allowing the framework to ac-
commodate diverse medical modalities—such as chest X-rays, CT scans, and
pathology images—with minimal architectural changes. Our empirical results
further validate this choice, demonstrating that MLLM backbones significantly
outperform strong alternatives (e.g., DiT (21))for medical report generation and
image-report pair generation tasks (see Sec. 3.7 in Supplementary). Further-
more, our framework offers greater flexibility than prior MLLM-based diffusion
models. While approaches like MMaDA (35) are limited to diffusion-specific
backbones (20), our method is also compatible with a broader class of general-
purpose auto-regressive (AR) MLLMs.

Since MLLMs are trained with causal (autoregressive) masking, while dif-
fusion denoising relies on bidirectional context, MeDiM introduces two adapta-
tions: causal mask removal and timestep embeddings. In addition, we identify
AdaLN as a critical normalization strategy. Together, these three components
ensure a seamless integration of MLLMs into the discrete diffusion process, as
detailed below.
Causal Mask Removal. Autoregressive MLLMs typically employ causal at-
tention, which restricts each token to attend only to its previous context. While
this constraint is suitable for left-to-right multimodal tasks, it is insufficient for
the discrete diffusion models, where medical image and report tokens must be
mutually accessible to achieve cross-modal alignment. As shown in Fig. 7, causal
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attention leads to blurred boundaries in generated medical images and semanti-
cally inconsistent or disorganized content in generated reports. To address this
issue, we remove the causal mask and enable bidirectional attention across the
entire sequence to enable fully bidirectional information flow, which is essential
for cross-modal consistency.

Timestep Embeddings. In discrete diffusion, the timestep determines the
transition probabilities in the forward process (e.g., the probability of retain-
ing a symbol or replacing it with the [MASK] token). The timestep provides the
MLLM with essential transition-schedule information in the reverse diffusion.
Without explicitly modeling temporal information, the MLLM backbone cannot
recognize the current diffusion stage, which hinders its ability to apply appropri-
ate discrete denoising and alignment strategies during the reverse process. Thus,
we map each diffusion timestep into a continuous embedding vector and inject it
into the MLLM backbone. The time embedding further modulates intermediate
layers through AdaLN. This design ensures that the backbone is aware of the
current stage in the reverse transition process.

AdaLN Designs. We incorporate adaptive layer normalization (AdaLN) (22)
and its variant AdaLN-Zero (21) to enhance the stability and cross-modal con-
sistency of our MLLM backbone. Unlike standard layer normalization with fixed
affine transformations, AdaLN dynamically predicts the normalization parame-
ters from timestep embeddings, ensuring that medical image tokens and report
tokenizations are normalized under a shared yet context-aware transformation.

3 Experiments

MeDiM can be applied to varied medical applications: medical image generation,
medical report generation, and joint medical image–report pair generation. In
the following sections, we evaluate MeDiM on these medical tasks and their
impact to downstream tasks. We further discuss the impact of backbone choices
in discrete diffusion models and validate the effectiveness of our architectural
designs for medical multimodal generation in Sec. 3.7.

3.1 Dataset

For training and evaluation, we adopt two widely used medical image–text
datasets: the MIMIC-CXR (12), a comprehensive chest X-ray with radiology
reports, and the PathGen dataset (26), a large-scale collection of pathology im-
age–text pairs. Specifically, we use 368,960 chest X-ray pairs from MIMIC-CXR
and 736,188 pathology pairs from PathGen, the pathology pairs are subsampled
to balance the data distribution. For evaluation, we used 8,000 pathology pairs
and adopt the MIMIC-CXR test set. Both datasets are employed for unified
training or supervised fine-tuning (SFT) of MeDiM and baselines. This uni-
fied setting provides a comprehensive evaluation protocol in medical multimodal
generation tasks.
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