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DISCRETE DIFFUSION MODELS WITH MLLMS FOR
UNIFIED MEDICAL MULTIMODAL GENERATION
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Figure 1: MeDiM, the first medical discrete diffusion model, is a flexible multimodal generator 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 constrained by modality-
specific scenarios that hinder the integration of complementary evidence, such as
imaging, pathology, and clinical notes. This fragmentation limits their develop-
ment to true foundation models that empower medical AI agents to learn from
and predict across the 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 flex-
ibly translates between images and text or jointly produces image–report pairs
across domains in response to user prompts. It builds on a discrete diffusion
framework that unifies vision and language representations 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 reasoning abilities. Because MLLMs are trained with causal (autore-
gressive) masking while diffusion denoising benefits from bidirectional context,
MeDiM introduces two key designs: 1) removing the causal attention mask to en-
able a fully bidirectional information flow essential for mutual alignment, and 2)
injecting continuous timestep embeddings to make the MLLM aware of the diffu-
sion steps. Extensive experiments validate MeDiM as a unified foundation model
capable of high-fidelity medical generation across various modalities, including
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medical image generation (16.60 FID on MIMIC-CXR; 24.19 FID on PathGen)
and report 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), enabling the use of multimodal in-
puts and the production of coherent, clinically grounded outputs..

1 INTRODUCTION

Modern medical systems and doctors rely on synthesizing multimodal evidence, encompassing ra-
diology images, digital pathology images, EHR info and clinical reports. However, most existing
medical AI models remain limited to isolated modalities (Moor et al., 2023). They often face lim-
ited 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
resistance, or generate clinically grounded images (e.g., counterfactual follow-up radiological scan
or representative pathology patches) that visualize likely outcomes under different therapies. Bridg-
ing this gap demands a foundational shift: a unified, domain-aware multimodal system capable of
understanding heterogeneous 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-specific models like PairAug (Xie et al.,
2024b) and MedM2G (Zhan et al., 2024) either rely on disconnected external models, prevent-
ing strict semantic alignment, or use modality-specific components that are difficult to adapt to
multiply modality. In contrast, the natural image domain has witnessed the emergence of unified
models (Team, 2024a; Xie et al., 2024a; Wu et al., 2024a; Yang et al., 2025) that, within a sin-
gle framework, simultaneously support both generation and understanding tasks without the need
for modality-specific designs. Liquid (Wu et al., 2024a) 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 architecture.
Swerdlow et al. (2025) note that while AR models excel in text, their token-by-token prediction lim-
its efficiency, motivating a unified multimodal discrete diffusion model that enables higher-quality,
diverse, and controllable generation. Yang et al. (2025) further propose MMaDA, employing a uni-
fied 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 chal-
lenges outlined above.

To our knowledge, no such unified models currently exist in the medical domain that could syn-
thesize multimodal information while supporting multimodal generation (see Fig. 2). In this work,
we propose MeDiM, the first medical discrete diffusion model that simultaneously models shared
distributions across different modalities. Compared to domain-specific expert models, MeDiM can
simultaneously perform diverse medical tasks across multiple medical modalities and domains, in-
cluding 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 back-
bone for the diffusion process. Pre-trained MLLMs provide strong distribution-alignment priors
from large-scale vision–language pretraining, making them powerful guides for multimodal gener-
ation. Their increasingly unified architectures are particularly well suited for paired image–report
generation. Unlike MMaDA (Yang et al., 2025), which is restricted to diffusion-based MLLM back-
bones (Nie et al., 2025), our MeDiM can extend to a broader class of autoregressive (AR) MLLMs,
offering greater generality and flexibility. However, adapting MLLMs to discrete diffusion intro-
duces a fundamental mismatch: MLLMs are trained with a causal (autoregressive) attention mask,
while the multimodal diffusion denoising process is inherently non-causal (e.g., requires bidirec-
tional 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 continuous timestep embeddings, allowing the MLLM to track diffusion steps. In ad-
dition, we integrate adaptive layer normalization (AdaLN) (Perez et al., 2018; Brock et al., 2018;
Karras et al., 2019) to further stabilize the training and enhance its generative capability.
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Figure 2: Architectural comparison of medical multimodal models. (“BACKBONE”) indicates
the backbone adopted in each framework. Prior approaches (A-D) cannot perform paired generation
and suffer from other key limitations, such as requiring modality-specific components (A, B), infer-
ence inefficiency (C), or backbone inflexibility (D). In contrast, our model, MeDiM (E), provides a
unified framework designed to overcome these challenges.

Our experiments demonstrate that MeDiM can function as a versatile foundation model for uni-
fying various medical generative tasks: 1) For medical image generation, MeDiM achieved
state-of-the-art (SoTA) Frechet Inception Distances (FID) on the MIMIC-CXR (Johnson et al.,
2019) and PathGen (Sun et al., 2024b) datasets, respectively (Tab. 1 and Tab. 2; 16.60 FID and
24.19 FID), generating high-fidelity medical images across different modalities (Fig. 4; robust and
high visual quality). 2) For medical report generation, MeDiM generated corresponding clinical re-
ports 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 consistency score in both large vision–language models
(VLM) and human evaluation) medical image–report pairs. The generated medical image–report
pairs can further improve the performance of VLM on downstream medical report generation tasks
(Fig. 5c; +6.43% BLEU-1, +18.57% BLEU-2, +31.58% BLEU-3, and +4.80% METEOR in Path-
Gen). 4) Comparative analyses of backbone choices (Sec. D; improve with MLLM backbone) reveal
that MLLM backbones are particularly well-suited for multimodal paired generation in medical dis-
crete diffusion 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 backbones for discrete diffu-
sion models in medical multimodal generation.

• MeDiM demonstrates state-of-the-art (SoTA) or competitive performance in unified medical im-
age analysis and generation tasks, with the generated medical 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 additional modality-specific components, thereby providing flexibil-
ity to accommodate more medical modalities. Fig. 3 illustrates the overall framework of MeDiM.
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 (Ho et al., 2020; Rombach et al., 2022) are probabilistic generative models that
learn to approximate data distributions by sequentially corrupting and denoising samples. The for-
ward 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 | x0) = N
(
xt;

√
ᾱtx0, (1− ᾱt)I

)
, (1)
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Figure 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, including causal attention removal, timestep embeddings,
and AdaLN, adapt the autoregressive MLLM for the bidirectional denoising required for unified
medical generation.

where ᾱt =
∏t

s=1(1 − βs) denotes the cumulative retention coefficient and βt represents the pre-
defined noise variance at timestep t. The reverse diffusion process involves learning a parameterized
denoising model ϵ(.) to iteratively reconstruct the original data from noisy inputs:

xt−1 =
1

√
αt

(
xt −

1− αt√
1− ᾱt

ϵ(xt, t)

)
+

√
1− ᾱt−1

1− ᾱt
βt z, z ∼ N (0, I) (2)

We introduce a discrete diffusion model (Sohl-Dickstein et al., 2015) for medical multimodal gen-
eration 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 quantized medical image tokens xi0 encoded by
VQ-VAE (Van Den Oord et al., 2017). The forward diffusion process is formulated as a Markov
chain q(xt | 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
parameterized by a transition matrix Qt ∈ 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 (Austin et al., 2021; Lou et al., 2023), MeDiM introduces a special [MASK] token
as an absorbing 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 ∈ R(K+1)×(K+1). Accordingly, the transition matrix Qt for the absorbing
state formulation can be expressed as:

Qt = αtI + (1− αt)1 e
⊤
m, (3)

here, αt ∈ [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
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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 | x0) = Cat(xt; p = Q̄tx0),
(4)

where Q̄t =
∏t

s=1 Qs. 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 original 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 tran-
sition distribution pθ(xt−1 | 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:

pθ(xt−1 | xt) = Cat
(
xt−1; ϵ(xt, t)

)
, (5)

where ϵ(xt, t) ∈ ∆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.

To effectively model multimodal medical data, we parameterize ϵ(xt, t) using a backbone network
fθ(·) built upon an MLLM. MeDiM incorporates timestep embeddings into the MLLM backbone,
ensuring temporal conditioning across the transition trajectory. At each step, fθ leverages prior
alignment between medical image tokens and report tokens. Consequently, the reverse chain itera-
tively recovers x0 = [xr0, xi0] from a fully masked initialization, producing coherent paired outputs
that align medical visual and textual modalities. The training objective (Sahoo et al., 2024) 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(xt|x)

[
α′
t

1− αt
log pθ(x0 | xt)

]
, (6)

α′
t = αt−αt−1, i.e., the incremental change in retention probability with respect to timestep t. This

objective ensures that the model learns to accurately approximate 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 backbone to empower the dis-
crete diffusion process to support unified medical multimodal 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 vi-
sual consistency of generated image-report pairs. 2) Their unified token-based representation offers
inherent scalability, allowing the framework to accommodate 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 Peebles & Xie (2022))for medical report generation and image-report
pair generation tasks (see Sec. D in Supplementary). Furthermore, our framework offers greater
flexibility than prior MLLM-based diffusion models. While approaches like MMaDA (Yang et al.,
2025) are limited to diffusion-specific backbones (Nie et al., 2025), 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 diffusion denoising relies on
bidirectional context, MeDiM introduces two key adaptations: 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 attention, which restricts
each token to attend only to its previous context. While this constraint is suitable for left-to-right
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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
attention leads to blurred boundaries in generated medical images and semantically 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 retaining a symbol or replacing it with the [MASK]
token). The timestep provides the MLLM with essential transition-schedule information in the re-
verse diffusion. Without explicitly modeling temporal information, the MLLM backbone cannot
recognize the current diffusion stage, which hinders its ability to apply appropriate discrete denois-
ing 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 further incorporate adaptive layer normalization (AdaLN) (Perez et al., 2018)
and its variant AdaLN-Zero (Peebles & Xie, 2022) to enhance the stability and cross-modal con-
sistency of our MLLM backbone. Unlike standard layer normalization with fixed affine transfor-
mations, AdaLN dynamically predicts the normalization parameters 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. D.

3.1 DATASET

For training and evaluation, we adopt two widely used medical image–text datasets: the MIMIC-
CXR (Johnson et al., 2019), a comprehensive chest X-ray with radiology reports, and the PathGen
dataset (Sun et al., 2024b), a large-scale collection of pathology image–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 unified setting provides a compre-
hensive evaluation protocol in medical multimodal generation tasks.

3.2 SETTINGS AND METRICS

We adopt pretrained Liquid (Wu et al., 2024a) as the MLLM backbone of MeDiM, combined with
the VQGAN (Esser et al., 2020) encoder from Chameleon (Team, 2024a) for image tokenization
and the LLaMA tokenizer (Touvron et al., 2023) for text processing. The model is trained for
1M steps with a Warmup Cosine Annealing with Restarts learning rate schedule on 8 A100 GPUs
for 160 GPU hours, starting from 1 × 10−5. Training uses images at a resolution of 512 × 512
and text sequences truncated to a maximum of 256 tokens. During inference, MeDiM follows the
MaskGIT inference strategy (Chang et al., 2022), progressively refining [MASK] tokens to generate
coherent multimodal medical output. For medical image generation, we evaluate MeDiM using
Fréchet inception distance (FID) and inception score (IS). For medical report generation, we adopt
standard natural language generation metrics, including BLEU (B-1, B-2, B-3), METEOR (MTR),
and ROUGE-L (R-L). For joint image–report pair generation, we assess cross-modal consistency
using the Qwen2-VL (Team, 2024b) as an automatic evaluator, complemented by human evaluation.
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Figure 4: Visual comparison of MeDiM against baselines on three tasks: (A) medical image gen-
eration (unique colors indicate the alignment between the reference report and the images generated
by MeDiM), (B) medical report generation (generated report and the reference are highlight with
the same colors for matched content, while incorrect content is highlighted with red underlines),
and (C) joint medical image–report pair generation (generated report and the prompt are highlight
with the same colors for matched content, with green underlines denoting additional correct content
consistent with the image, and red underlines marking incorrect content.).

And we evaluate downstream task performance to further verify the practical utility of the generated
multimodal outputs in medical scenarios.

3.3 MEDICAL IMAGE GENERATION

For the medical image generation task, MeDiM retains all report tokenizations while replacing the
image sequence with states. Thus, the generated images are conditioned on the corresponding re-
ports. We compare MeDiM against three categories of baselines: (1) natural diffusion models (NA),
such as the stable diffusion model (SDM) (Rombach et al., 2022); (2) specialized medical image gen-
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Table 1: Quantitative comparison for chest X-
ray image generation. * denotes fine-tuned
models.

Method Type FID ↓ IS ↑
SDM NA 120.28 2.92

SDM (SFT) NA 78.97 2.91

UniDisc DDM 82.54 2.82

U-KAN MED 94.58 2.89
Med-Art MED 168.92 3.82

Liquid* MLLM 156.09 1.97
MMaDA* MLLM 134.01 2.05

MeDiM (Ours) MLLM 16.60 2.87

Table 2: Quantitative comparison for pathol-
ogy image generation. * denotes fine-tuned
models.

Method Type FID ↓ IS ↑
SDM NA 159.93 2.59

SDM (SFT) NA 55.76 4.03

UniDisc DDM 80.99 4.15

U-KAN MED 73.76 2.98
Med-Art MED 107.45 2.93

Liquid* MLLM 171.17 3.07
MMaDA* MLLM 155.76 3.64

MeDiM (Ours) MLLM 24.19 4.28

eration models (MED), including U-KAN (Li et al., 2025) and Med-Art (Guo et al., 2025a) (Notably,
we introduce the class embedding of DiT into U-KAN, which enabled unified medical image gener-
ation.); (3) DDM: UniDisc (Swerdlow et al., 2025), and (4) multimodal generation–understanding
models (MLLM), such as Liquid (Wu et al., 2024a) and MMaDA (Yang et al., 2025).

Results. Tab. 1 and Tab. 2 show the evaluation results of medical report–to–image generation across
different medical benchmarks. In comparison to baselines, MeDiM demonstrates consistent SoTA
performance. In Fig. 4, both MMaDA and Liquid, which were fine-tuned on medical image–report
pairs, produce implausible distortions in the generated medical images, due to domain and task
shift. The fine-tuned SDM fails to maintain high-fidelity results in medical image generation tasks
and shows noticeable color shifts in pathology image synthesis. Although UniDisc can be applied
to diverse medical image generation, the generated outputs are not always consistent with the cor-
responding reports (e.g., large blurred shadows in the lower lungs of chest X-rays while the reports
describe “The lungs appear clear”). Compared to baselines, MeDiM generates medical images that
exhibit higher fidelity and greater consistency with the medical reports.

Table 3: Comparison of our method (MeDiM) with different types of baselines on MIMIC-CXR
and PathGen datasets. * indicates models that are fine-tuned under our dataset setting.

Method Type MIMIC-CXR PathGen

B-1 B-2 B-3 MTR R-L B-1 B-2 B-3 MTR R-L

BLIP NA 0.240 0.125 0.053 0.125 0.265 0.106 0.054 0.031 0.140 0.236

R2Gen MED 0.305 0.179 0.104 0.233 0.395 0.160 0.090 0.055 0.251 0.278
R2GenCMN MED 0.266 0.132 0.061 0.223 0.225 0.142 0.069 0.037 0.248 0.267

BLLM MED 0.252 0.152 0.070 0.201 0.220 0.113 0.053 0.018 0.154 0.229

UniDisc DDM 0.270 0.137 0.075 0.224 0.206 0.109 0.039 0.012 0.180 0.113

Liquid* MLLM 0.186 0.104 0.037 0.170 0.172 0.124 0.028 0.009 0.107 0.121
MMaDA* MLLM 0.153 0.102 0.031 0.164 0.185 0.172 0.108 0.052 0.200 0.258

MeDiM (Ours) MLLM 0.328 0.185 0.109 0.265 0.297 0.185 0.084 0.037 0.258 0.226

3.4 MEDICAL REPORT GENERATION

Diverse baselines are compared in the medical report generation task (NA), including BLIP (Li
et al., 2022) as a representative of general-purpose captioning models, R2Gen (Chen et al., 2020),
R2GenCMN (Chen et al., 2021), and BLLM (Liu et al., 2024a) as specialized medical report gener-
ation systems (MED), UniDisc (Swerdlow et al., 2025) in DDM, and Liquid (Wu et al., 2024a) and
MMaDA (Yang et al., 2025) as multimodal generation–understanding models (MLLM). To further
enhance the reliability of report evaluation in PathGen, we employ Qwen2-VL to filter the test set
and select 5,000 high-quality medical reports, which are used as the ground truth (GT).

Results. Tab. 3 shows the performance of MeDiM on multiple benchmarks for medical image re-
port generation. Compared with MLLM-based generative-understanding models such as Liquid,
MMaDA, and UniDisc, as well as BLIP, a natural image captioning model, our approach achieves
superior performance on both benchmarks. In comparison with specialized medical report genera-
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tion approaches, such as R2Gen, R2GenCMN, and BLLM, our method also attains comparable or
superior results. To further complement the quantitative evaluations, Fig. 4 presents qualitative com-
parisons of MeDiM and R2Gen. The R2Gen suffers from notable deficiencies, including semantic
repetition, omission of salient details, and logical inconsistencies (see Fig. 4). In contrast, MeDiM
reduces semantic redundancy and faithfully interprets clinically significant details.

3.5 JOINT MEDICAL IMAGE-REPORT PAIR GENERATION

In the joint medical image–report pair generation task, only UniDisc and MeDiM can simultaneously
generate medical images and their corresponding reports. We adopt UniDisc as the baseline and
evaluate the paired generation results in cross-modal consistency and downstream task performance.

(a) Image–Report alignment evalu-
ation.

(b) Downstream task evaluation for
R2Gen in MIMIC-CXR.

(c) Downstream task evaluation for
R2Gen in PathGen.

Figure 5: Quantitative evaluation of MeDiM on the joint medical image–report generation task.

(a) Downstream task for BLLM evaluation in
MIMIC-CXR.

(b) Downstream task for BLLM evaluation in
PathGen.

Figure 6: Downstream evaluation with different medical VLM backbone.

Alignment. We evaluate the consistency of generated medical image–report pairs using the large
VLM Qwen2-VL. We employ [MASK] sequences as inputs, unconditionally generate 8,000 pathol-
ogy image–report pairs and 5,159 chest X-ray image–report pairs to support consistency evaluation.
To further ensure reliability, we complement this with human evaluation, conducted on 100 uncon-
ditionally generated image–report pairs sampled in a 1:1 ratio between pathology and chest X-ray
domains. As illustrated in Fig. 5a, large VLMs and human evaluators produce consistent judgments,
both showing that MeDiM attains high confidence. Meanwhile, as observed in Fig. 4, MeDiM
generates image–report pairs that adhere to the prompts and remain semantically consistent.

Downstream Task. In the downstream evaluation, we investigate the impact of synthetic medical
image–report pairs on VLM performance under low-data medical settings. We first construct simple
text prompts based on image modality, anatomical region, and pathology condition. These prompts
are injected into the [MASK]-initialized sequences during inference, thereby guiding MeDiM or

9
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UniDisc in conditionally generating 200k medical image–report pairs with a 1:1 balanced distribu-
tion. Then, we sample 200k real pairs from the MIMIC-CXR and PathGen training sets in a 1:1 ratio
and merge them with the 200k synthetic pairs to form a balanced dataset. This dataset is used to train
the medical report generation baseline R2Gen. As shown in Fig. 5b and Fig. 5c, the image–report
pairs generated by MeDiM lead to noticeable gains in pathology visual analysis tasks. To further
assess generalization, we additionally validate synthesis data on a recent medical VLM (BLLM (Liu
et al., 2024a)) in Fig. 6a and Fig. 6b. Consistent with the results on R2Gen, MeDiM provides larger
improvements than UniDisc, further reinforcing the robustness of MeDiM on the downstream VLM
task.

4 CONCLUSION

This work presents MeDiM, a novel discrete diffusion model for medical multimodal generation.
By learning the shared probabilistic distributions across modalities and domains, MeDiM acts as
a flexible multimodal generator without modality-specific components. Furthermore, we improve
the backbone with an MLLM equipped with distributional alignment priors based on empirical ev-
idence. This achieves a unified representation space for both medical modalities. Extensive exper-
iments across different medical modalities demonstrate robust performance for MeDiM in medical
image generation, report generation, and joint image-text synthesis, highlighting the effectiveness
of our MLLM backbone in the medical domain.
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Muzaffer Ozbey, and Tolga Çukur. Adaptive diffusion priors for accelerated mri reconstruction.
Medical image analysis, 88:102872, 2023.

Changlu Guo, Anders Nymark Christensen, and Morten Rieger Hannemose. Med-art: Diffusion
transformer for 2d medical text-to-image generation. arXiv preprint arXiv:2506.20449, 2025a.

Pengfei Guo, Puyang Wang, Rajeev Yasarla, Jinyuan Zhou, Vishal M Patel, and Shanshan Jiang.
Anatomic and molecular mr image synthesis using confidence guided cnns. IEEE transactions
on medical imaging, 40(10):2832–2844, 2020.

Pengfei Guo, Can Zhao, Dong Yang, Ziyue Xu, Vishwesh Nath, Yucheng Tang, Benjamin Simon,
Mason Belue, Stephanie Harmon, Baris Turkbey, et al. Maisi: Medical ai for synthetic imaging.
In 2025 IEEE/CVF Winter Conference on Applications of Computer Vision (WACV), pp. 4430–
4441. IEEE, 2025b.

Jonathan Ho, Ajay Jain, and Pieter Abbeel. Denoising diffusion probabilistic models. Advances in
neural information processing systems, 33:6840–6851, 2020.

Minghui Hu, Chuanxia Zheng, Heliang Zheng, Tat-Jen Cham, Chaoyue Wang, Zuopeng Yang,
Dacheng Tao, and Ponnuthurai N Suganthan. Unified discrete diffusion for simultaneous vision-
language generation. arXiv, 2022.

Yuankai Huo, Zhoubing Xu, Hyeonsoo Moon, Shunxing Bao, Albert Assad, Tamara K Moyo,
Michael R Savona, Richard G Abramson, and Bennett A Landman. Synseg-net: Synthetic seg-
mentation without target modality ground truth. IEEE transactions on medical imaging, 38(4):
1016–1025, 2018.

Hongxu Jiang, Muhammad Imran, Teng Zhang, Yuyin Zhou, Muxuan Liang, Kuang Gong, and
Wei Shao. Fast-ddpm: Fast denoising diffusion probabilistic models for medical image-to-image
generation. IEEE Journal of Biomedical and Health Informatics, 2025.

Alistair EW Johnson, Tom J Pollard, Nathaniel R Greenbaum, Matthew P Lungren, Chih-ying Deng,
Yifan Peng, Zhiyong Lu, Roger G Mark, Seth J Berkowitz, and Steven Horng. Mimic-cxr-jpg, a
large publicly available database of labeled chest radiographs. arXiv preprint arXiv:1901.07042,
2019.

Tero Karras, Samuli Laine, and Timo Aila. A style-based generator architecture for generative
adversarial networks. In Proceedings of the IEEE/CVF conference on computer vision and pattern
recognition, pp. 4401–4410, 2019.

11



594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Chenxin Li, Xinyu Liu, Wuyang Li, Cheng Wang, Hengyu Liu, Yifan Liu, Zhen Chen, and Yix-
uan Yuan. U-kan makes strong backbone for medical image segmentation and generation. In
Proceedings of the AAAI Conference on Artificial Intelligence, volume 39, pp. 4652–4660, 2025.

Junnan Li, Dongxu Li, Caiming Xiong, and Steven Hoi. Blip: Bootstrapping language-image pre-
training for unified vision-language understanding and generation. In ICML, 2022.

Junnan Li, Dongxu Li, Silvio Savarese, and Steven Hoi. Blip-2: Bootstrapping language-image
pre-training with frozen image encoders and large language models. In International conference
on machine learning, pp. 19730–19742. PMLR, 2023.

Chang Liu, Yuanhe Tian, Weidong Chen, Yan Song, and Yongdong Zhang. Bootstrapping large
language models for radiology report generation. In Proceedings of the AAAI Conference on
Artificial Intelligence, volume 38, pp. 18635–18643, 2024a.

Hao Liu, Wilson Yan, Matei Zaharia, and Pieter Abbeel. World model on million-length video and
language with ringattention. arxiv e-prints, pages arxiv–2402. arXiv preprint arXiv:2402.08268,
2024b.

Kang Liu, Zhuoqi Ma, Mengmeng Liu, Zhicheng Jiao, Xiaolu Kang, Qiguang Miao, and Kun Xie.
Factual serialization enhancement: A key innovation for chest x-ray report generation. arXiv
preprint arXiv:2405.09586, 2024c.

Kang Liu, Zhuoqi Ma, Xiaolu Kang, Yunan Li, Kun Xie, Zhicheng Jiao, and Qiguang Miao. En-
hanced contrastive learning with multi-view longitudinal data for chest x-ray report generation.
In Proceedings of the Computer Vision and Pattern Recognition Conference, pp. 10348–10359,
2025.

Ziming Liu, Yixuan Wang, Sachin Vaidya, Fabian Ruehle, James Halverson, Marin Soljačić,
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TECHNICAL APPENDICES

A RELATED WORK

Medical Image Generation. Owing to data scarcity, medical image generation is gaining increas-
ing significance as a research focus. Early studies (Chartsias et al., 2017; Guo et al., 2020; Huo et al.,
2018; Zhang et al., 2018) employed GANs to augment medical imaging data, improving the perfor-
mance of downstream medical tasks. In recent years, diffusion models (Ho et al., 2020; Rombach
et al., 2022) have shown stable training and promising performance in high-quality image genera-
tion tasks, motivating a growing body of work to explore their application in medical image gener-
ation (Lyu & Wang, 2022; Chambon et al., 2022; Güngör et al., 2023). Fast-DDPM (Jiang et al.,
2025) and LLCM (Polamreddy et al., 2025) focus on accelerating the diffusion-based generation
of medical images. Graikos et al. (2024) shows that self-supervised embeddings can replace fine-
grained annotations by conditioning diffusion models on SSL features, enabling high-fidelity pathol-
ogy and satellite image synthesis and large-scale cross-modal generation. EMIT-Diff (Zhang et al.,
2024b) and MAISI (Guo et al., 2025b) incorporate ControlNet (Zhang et al.) to achieve anatomi-
cally or semantically controllable medical image synthesis. By introducing non-linear Kolmogorov-
Arnold Networks (KANs) (Liu et al., 2024d) and globally modeling Transformers (Vaswani et al.,
2017; Peebles & Xie, 2022) as diffusion backbones, U-KAN (Li et al., 2025) and Med-Art (Guo
et al., 2025a) demonstrate state-of-the-art performance in generating medical images across diverse
modalities, which motivates the consideration of backbone design for discrete diffusion models in
MeDiM.

Medical Report Generation. Medical report generation is commonly facilitated by VLMs (Li
et al., 2022; 2023; Zeng et al., 2023) endowed with domain-specific medical knowledge. Yang
et al. (2022) enhanced the medical literacy of VLMs by combining general medical background
with image-specific clinical knowledge, while Zhang et al. (2020) designed a medical knowledge
graph to further enrich medical VLMs. R2Gen (Chen et al., 2020) and R2GenCMN (Chen et al.,
2021) generate radiology reports based on memory-driven Transformer architectures. Chen et al.
(2023) improved the interpretability of medical report generation by associating local medical im-
age regions with medical terminology in the report, while Liu et al. (2024c) enhanced image–report
alignment through fact-guided contrastive learning. RGRG (Tanida et al., 2023) employs region-
level guidance for medical report generation, while Zhang et al. (2024a) addresses its limitation of
neglecting shared attributes for each local region via attribute prototype guidance. Liu et al. (2024a)
leveraged priors from LLMs to improve medical report generation. MLRG (Liu et al., 2025) en-
hances medical visual information by integrating multiple views of the same medical image. How-
ever, most existing approaches are limited to specific medical report generation tasks. To overcome
this issue, we present MeDiM, which formulates the joint discrete distribution of medical images
and reports independent of imaging modalities and organ-specific characteristics.

Unified Multimodal Understanding and Generation. Unified multimodal models aim to build an
MLLM, modeling and reasoning over both image and textual sequences. Early studies (Ge et al.,
2023; 2024; Sun et al., 2024a; 2023; Li et al., 2022) attempted to combine CLIP (Radford et al.,
2021), which aligns the visual–language space, with LLMs to process images and text separately.
Given that CLIP operates in a continuous visual space, some studies (Liu et al., 2024b; Team, 2024a;
Wu et al., 2024b) have explored using VQ-VAE (Van Den Oord et al., 2017) to represent visual
information as discrete sequences. Meanwhile, numerous studies (Yu et al., 2023; Lu et al., 2024;
Xie et al., 2024a; Wu et al., 2025) discussed leveraging the strengths of both encoders. Studies
such as LWM (Liu et al., 2024b) and Chameleon (Team, 2024a) have shown that discrete visual
features can be integrated with language tokens into a unified sequence, facilitating joint cross-
modal modeling. Although this design obviates the need for modality-specific components, it incurs
substantial training costs. Liquid (Wu et al., 2024a) introduces a pre-trained LLM as the backbone
to solve this issue. However, AR suffers from low inference efficiency. Given the efficiency in
generation and success in understanding of discrete diffusion models, UniD3 (Hu et al., 2022) and
UniDisc (Swerdlow et al., 2025) adopted them as a unified framework. MMaDA (Yang et al., 2025)
further employs LLaDA (Nie et al., 2025) as the backbone for a unified discrete diffusion model.
However, MMaDA is restricted to a single diffusion-based MLLM backbone, whereas MeDiM can
leverage the wider spectrum of AR MLLM backbones, providing greater scalability.

15



810
811
812
813
814
815
816
817
818
819
820
821
822
823
824
825
826
827
828
829
830
831
832
833
834
835
836
837
838
839
840
841
842
843
844
845
846
847
848
849
850
851
852
853
854
855
856
857
858
859
860
861
862
863

Under review as a conference paper at ICLR 2026

Table 4: Ablation study for MeDiM on the backbone and components, evaluated with mean medi-
cal report understanding metrics (mB-1, mB-2, mB-3, mMTR, mR-L) and mean image generation
metrics (mFID, mIS) on MIMIC-CXR and PathGen.

Settings Report Generation Image Generation

mB-1 ↑ mB-2 ↑ mB-3 ↑ mMTR ↑ mR-L ↑ mFID ↓ mIS ↑
MeDiM 0.256 0.134 0.073 0.262 0.261 20.40 3.57

w/ DiT backbone 0.195 0.091 0.040 0.214 0.200 63.22 2.81
w/ UniDisc backbone 0.223 0.098 0.051 0.255 0.217 51.59 3.05

w/o pretrained MLLM weight 0.205 0.092 0.044 0.229 0.212 68.27 2.83

w/o timestep embedding 0.221 0.107 0.049 0.246 0.238 40.03 3.13
w/o AdaLN designs 0.232 0.108 0.056 0.247 0.249 32.68 3.16

w/ causal mask 0.152 0.068 0.025 0.142 0.179 143.72 2.02

seed 1 20.37 3.50 0.252 0.128 0.075 0.260 0.265
seed 2 20.55 3.36 0.260 0.131 0.068 0.274 0.258
seed 3 0.256 0.134 0.073 0.262 0.261 20.40 3.57

Table 5: Out of distribution comparison in IU-
Xray-RRG.

Method FID ↓ IS ↑
UniDisc 173.59 2.33
MMaDA 205.17 1.85
Liquid 212.40 1.74

MeDiM (Ours) 129.42 2.60

Table 6: Comparison with medical expert gen-
erative models.

Method FID ↓ IS ↑
DiffInfinite 143.05 2.38
PathLDM 176.25 2.29
PixCell 98.54 4.27

MeDiM (Ours) 24.19 4.28

B OUT OF DISTRIBUTION COMPARISON

To verify that MeDiM’s improvements do not stem from dataset-specific fine-tuning, we evaluate
the model on the unseen IU-Xray-RRG dataset, which differs significantly from MIMIC-CXR. As
shown in Tab. 5, MeDiM achieves an FID of 129.42 and an IS of 2.60, outperforming UniDisc,
MMaDA, and Liquid without any additional fine-tuning.

Although its performance is weaker than on MIMIC-CXR, this degradation is largely due to a struc-
tural distribution shift: MIMIC-CXR images contain consistent collimation borders, whereas IU-
Xray-RRG does not. Overall, these results indicate that MeDiM maintains clear advantages under
OOD conditions, and its gains arise from unified cross-modal modeling rather than overfitting to
training datasets.

C COMPARISON WITH EXPERT MODEL

We compare MeDiM with several domain-specialized medical image generative models, including
DiffInfinite (Aversa et al., 2023), PathLDM (Yellapragada et al., 2024), and PixCell (Yellapragada
et al., 2025), which incorporate modality-specific inductive biases and customized training strategies
for high-fidelity medical image synthesis. As shown in the Tab. 6, MeDiM achieves a substantially
lower FID while maintaining a comparable or slightly higher IS. These results suggest that a unified
discrete diffusion framework combined with an MLLM backbone can achieve a level of generative
fidelity that is consistent with, and in some aspects approaches, that of specialized expert systems,
even though it does not rely on architectures tailored to specific tasks or modalities.

Table 7: Comparison with medical expert VLM.

Method B-1 B-2 B-3 MTR R-L

LLavaRAD 0.144 0.075 0.038 0.154 0.261

MeDiM (Ours) 0.328 0.185 0.109 0.265 0.297

We further evaluate MeDiM against
LLavaRAD (Zambrano Chaves et al., 2025),
an expert medical vision and language model
designed for chest X-ray interpretation and
clinical reporting. Across standard metrics for
medical report generation in Tab. 7, MeDiM
achieves higher scores. This indicates that a
unified framework for multimodal generation
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Figure 7: Visual results from the ablation study evaluating the effect of pre-trained MLLM weights.

and understanding provides a competitive and
complementary alternative to expert medical VLMs, demonstrating strong potential for broader
medical vision and language applications.

D ABLATION STUDY

We investigate the contribution of the MLLM backbone and its associated architectural components
to the overall performance of MeDiM. This analysis allows us to disentangle the impact of backbone
selection and design choices.

Backbone. We use DiT (Peebles & Xie, 2022) and a pretrained UniDisc backbone as backbone
baselines to examine the impact of backbone choice. We also assess the contribution of the pre-
trained distributional alignment prior in MLLM to MeDiM’s performance. As shown in Tab. 4, re-
placing the MLLM backbone with different backbones or removing the pretrained MLLM weights
both lead to noticeable degradation for MeDiM’s performance.

Components. We further conduct ablation studies on three architectural components of MeDiM to
assess their contributions: timestep embeddings, AdaLN designs, and causal mask removal. We re-
move the timestep embeddings and replace the AdaLN designs with a standard LayerNorm, thereby
eliminating temporal conditioning. For the AdaLN ablation, we retain timestep embeddings but
inject them directly into the token representations through weighted addition, without AdaLN com-
ponents. The ablation results in Tab. 4 demonstrate that timestep embeddings and AdaLN provide
essential temporal conditioning and effective feature modulation. In contrast, enforcing a causal
mask severely disrupts multimodal alignment, resulting in blurry image boundaries and semanti-
cally incoherent reports (see Fig. 7).

Robust Test. For the robustness analysis. we include results in Tab. 4 across multiple random seeds
to evaluate MeDiM’s stability under variations in sampling randomness. The results show consis-
tently low variance in both image metrics and report-generation metrics, indicating that MeDiM
exhibits strong robustness and stable performance.

E LIMITATION

Although MeDiM achieves promising results on unified medical multimodal generation tasks, it has
not yet exceeded or matched expert medical models across all metrics at evaluation, with shortfalls
confined to a limited subset. We plan to improve MeDiM by incorporating MLLM backbones with
medical domain background knowledge, aiming to bridge the gap with SoTA medical expert models
and extending MeDiM to support a broader range of downstream medical tasks in the future.
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Figure 8: Failure cases of MeDiM.

F FAILURE CASE

Although MeDiM performs robustly across both radiology and pathology domains, certain limita-
tions can still be observed. Representative failure cases are presented in Fig. 8 to provide a transpar-
ent characterization of these behaviors.

(1) Local blurriness and mild color inconsistencies in pathology images. A small portion of syn-
thesized pathology images exhibit slight blurriness or mild hue shifts. These artifacts mainly arise
from the substantial color, stain, and texture variability across laboratories and slide preparation
protocols. Rare staining styles and extreme color conditions can occasionally lead to unstable color
reconstruction. Such cases are infrequent but are included here for completeness.

(2) Low-fidelity rendering of medical devices in chest X-rays. A few generated MIMIC-CXR sam-
ples contain imprecise or incomplete renderings of medical devices such as catheters, tubes, or
monitoring lines (highlighted by red boxes in Fig. 8). This is primarily due to the long-tailed distri-
bution of medical devices in real datasets, where rare or sparsely annotated devices provide limited
visual evidence for reliable learning. Despite these inaccuracies, major anatomical structures remain
well preserved.

(3) Semantic ambiguity when image cues are insufficient. In cases where the visual evidence is lim-
ited or structurally ambiguous—such as overlapping lateral shadows, faint pathological patterns, or
unclear device boundaries—MeDiM may produce semantically ambiguous predictions. Examples
include confusing devices with lesions or generating descriptions that do not precisely correspond
to the underlying organ shown in the image. Such cases highlight that, similar to clinical practice,
ambiguous visual cues can challenge even strong multimodal models.

Together, these examples provide insight into current limitations and offer guidance for future im-
provements in color stabilization, rare object modeling, and uncertainty-aware reasoning.

G DECLARATION OF LLM TOOL USAGE

During the preparation of this manuscript, I used OpenAI’s GPT-4.1 model for minor language re-
finement and smoothing of the writing. The LLM tool was not used for generating original content,
conducting data analysis, or formulating core scientific ideas. All conceptual development, exper-
imentation, and interpretation were conducted independently without reliance on LLM tools. The
other points involving the use of LLMs have already been highlighted in the paper.
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