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Abstract. Multimodal large language models (MLLMs) hold great po-
tential for medicine, as they inherit knowledge from LLM and allow
multiple data modalities to be integrated, analysed and interpreted in
natural language. However, the field of medical MLLMs is constrained
by non-trivial challenges, notably the scarcity of high-quality training
data and the frequent occurrence of missing data in the real-world clin-
ical setting. Here, we propose a novel unified multimodal model, Uni-
Brain, for brain magnetic resonance image (MRI) analysis. To address
potential missing brain MRI modalities, we employ a unified training
strategy to perform joint imaging modality imputation and brain image
understanding. During training, an interleaved and description-enriched
data flow is constructed to train the model in an autoregressive man-
ner, enabling medical reasoning with generated multimodal data. A self-
alignment strategy is introduced to leverage dense image embeddings
to learn fine-grained anatomical features without requiring detailed im-
age captions. Furthermore, we propose a dynamic hidden state mech-
anism to alleviate the exposure bias during long-context multimodal
inference. Extensive experiments on multi-disease brain MRI dataset
demonstrate that UniBrain achieves high performance for brain image
imputation, understanding, and disease diagnosis under various extents
of modality incompleteness. Source code is publicly available at https:
//github.com/zhiyuns/UniBrain|

Keywords: Unified multimodal model - Brain MRI - Brain image anal-
ysis - Modality imputation.

1 Introduction

Brain magnetic resonance imaging (MRI) plays an indispensable role in identi-
fying structural abnormalities of the brain, diagnosing, and monitoring the pro-
gression of various neurological diseases. Recently, multimodal large language
models (MLLMs) have demonstrated potential in leveraging knowledge learnt
from LLMs combined with modality-specific encoders to integrate and interpret
multimodal data, including medical images, within a single model [TI213J30].
However, developing MLLMs to interpret brain MRI scans faces significant chal-
lenges. Reading brain MRI scans requires radiological and neurological expertise,
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which may not be well captured by a general-purpose MLLM [2]. Moreover, brain
MRI can consist of multiple modalities, e.g. T1-weighted, T2-weighted, FLAIR
etc. Disease diagnosis would ideally require a comprehensive view of all modal-
ities. In clinical reality, however, some modalities may be missing [23], which
creates the challenge for the MLLM to deal with the data modality gap.

To deal with missing modalities, existing literature generally follows two
paradigms: ezplicit modality imputation, and implicit representation learning [27].
Explicit methods leverage the available modalities to synthesise images of miss-
ing modalities, providing input for downstream tasks [4J2024]. While these meth-
ods prioritise the fidelity of the synthesised images, imputation and subsequent
analysis operate as a disjointed, two-stage pipeline, which might compromise the
performance in learning downstream task-relevant representations from synthe-
sised images. In contrast, implicit methods deal with missing modalities implic-
itly in the model. Some of these methods align the representations of the available
and missing modalities within a shared space [I8/32]. Some others employ sim-
ple generative modules to map representations of available images to those of
the missing ones [7J31]. The objective of implicit representation learning is to
improve the performance of downstream tasks. It may sacrifice the fidelity of the
synthesised images. Overall, both paradigms require further exploration of the
mutual benefits between generation and understanding.

The recent emergence of unified multimodal models for generation and un-
derstanding offers a promising solution [5/12I26]. By tokenising and modeling
both visual and textual data within a single, autoregressive decoder-only archi-
tecture, the unified models natively intertwine the two tasks of generation and
understanding. This enables multimodal interleaved reasoning, such as thinking
with generated images [17], where the generation process enhances the chain-
of-thought reasoning. However, developing unified models for medical domain
faces three critical obstacles. First, there is a lack of interleaved and multi-
modal medical dataset for training a unified model. How to design tasks that
effectively leverage the generation ability for multimodal understanding is still
under-explored. Furthermore, there is a domain gap between natural and med-
ical image-text pairs. Models trained on natural images are ill-equipped with
specialist knowledge to understand medical images and learn clinically mean-
ingful representations [I5]. Finally, interleaved reasoning relies on intermediate
generation results as a context to perform subsequent reasoning, which may lead
to error accumulation, compromising the final model performance [21].

In this work, we propose UniBrain, a novel multimodal model to perform
brain image analysis with missing MRI modalities. As a unified model, Uni-
Brain simultaneously improves both generation fidelity and diagnostic accuracy
through a multimodal autoregressive process. To overcome the aforementioned
obstacles, we introduce three core contributions: 1) We design a novel framework
for brain MRI diagnosis, which imputes missing MRI modalities as intermedi-
ate steps before formulating the final understanding output, enabling reasoning
with imputed images. 2) We introduce a self-adaption strategy that leverages
the visual embeddings of the model to reconstruct input medical images, which
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Fig. 1. Overall framework of UniBrain. (a) We construct a sequential, interleaved data
flow for brain MRI analysis during training. (b) The framework incorporates a unified
multimodal model for image generation and understanding. Dynamic hidden states
via training-time KV-cache are designed to mitigate exposure bias for long-context
multimodal reasoning. A self-alignment loss conditions the generation expert on dense
embeddings extracted from the ViT for image reconstruction.

reduces the need for medical reports with fine-grained visual descriptions. 3)
To mitigate accumulated errors in long-context autoregressive generation, we
implement a dynamic hidden state mechanism that enforces the model to be
aware of the self-generated artefacts during training, improving the robustness
of autoregressive inference.

2 Methodology

2.1 Preliminary of Unified Multimodal Model

UniBrain is built upon BAGEL [5], a unified model for joint vision-language un-
derstanding and generation. Employing a Mixture-of-Transformer-Experts (MoT)
architecture [I1], BAGEL comprises two Transformer experts, respectively dedi-
cated to understanding and generation. Given multimodal input, text is encoded
by a text tokeniser, whereas images are encoded into visual tokens by two en-
coders, an understanding-oriented ViT and a generation-oriented VAE. The two
experts operate over shared text and visual tokens via multimodal self-attention,
which allows long-range interactions between the tokens. On the output side,
BAGEL predicts the next token for language response and visual tokens for
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image generation via rectified flow [5]. UniBrain adapts BAGEL to brain MRI
analysis in three aspects, as explained in the following sections.

2.2 Unified Brain MRI Modality Imputation and Understanding

We formulate brain MRI missing modality imputation and image understand-
ing (e.g. disease diagnosis) as an autoregressive sequence modeling problem. We
denote the images of K MRI modalities as X={z;}*_,, the corresponding radio-
logical findings for each modality as F={f;}*_,, and the impression as R which
contains global description and diagnostic results. As illustrated in Fig. (a),
given input image x1, a multimodal model my, parameterised by 6, iteratively
executes reasoning-enriched generation tasks Z,={z; f;ll and finally performs
the understanding task Z,=zj. The overall interleaved data flow is constructed
as {x1, 21, f1,22,..., 2k, R}. The model contains hidden state h;, which are to-
kenised images or text. It is trained to predict its next state based on previous ac-
cumulated multimodal context: ﬁi:we(ml, ziyhei), where he;={h1, ha,..., hi_1}
denotes the history of hidden states. For generation task z; € Z,, the model is
instructed to perform the thinking procedure before generating the target image
Z;+1. This thinking procedure consists of two components: 1) enriched descrip-
tion of the current objective z; (e.g., "I need to translate the given T1 and FLAIR
images into the corresponding T2-weighted MRI".), and 2) the radiological find-
ings (f<;) associated with the already known (ground-truth or synthesised) input
modalities. For the final understanding task zj, the model leverages the full ac-
cumulated sequence to produce the overall impression R.

2.3 Fine-grained MRI Representation with Self-alignment

One challenge in adapting general-purpose unified models to medical imaging
is to bridge the gap between medical imaging modalities and free-form texts.
Conventional vision-language alignment relies heavily on abundant paired natu-
ral image-text data, while paired medical image-text data are extremely sparse.
In addition, radiological text such as "hyperintense lesion in the right parieto-
occipital lobe with ill-defined margins" only provides a high-level description of a
brain MRI scan and does not provide pixel-level supervisory signals. This leads
to the discrepancy between the ViT tokens used for high-level understanding
and VAE tokens used for pixel-level MRI generation.

To overcome the limitation, we propose a self-alignment (SA) strategy that
leverages intrinsic supervisory signals from the images themselves. Drawing in-
spiration from [28], we postulate that visual embeddings extracted from a model’s
visual understanding encoder may contain richer semantic representations of an
image than what radiological text caption could capture. Using these visual em-
beddings as prompts, a unified model can be trained to reconstruct the original
image. In detail, we condition the generation expert on the dense visual em-
beddings of image x; extracted from the ViT encoder. As the proposed model
performs visual token prediction in the latent space, the self-supervised image
reconstruction objective is formulated accordingly. The VAE encoder projects
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x; into a latent representation e; = FEvag(z;), while the ViT encoder extracts
the dense visual embeddings w; = Fvir(z;). The training objective for self-
alignment is to predict the velocity in the latent space of the target MRI modal-
ity, conditioned on the visual embeddings w; and the text prompt p,cc to instruct
reconstruction. The self-alignment loss is formulated as:

Lsa = Eygio,1],e~n0,n || Vo€l t, wi, prec) — (6 — €)[|°], (1)

where e! = (1 — t)e; + te represents the interpolated latent between the clean
latent e; and the noise sample €. V is the velocity prediction network [6] pa-
rameterised by the generation expert. As the training of Lga requires only the
image itself, the model learns from both highly pathological images and healthy
images, alleviating the need for detailed visual descriptions of these images.

2.4 Bridging the Training-test Gap via Dynamic Hidden States

Another challenge for unified models is the training-test domain gap, commonly
referred to as the exposure bias [19]. This gap originated from the fact that
autoregressive inference is based on the previous predicted states iL<i, which are
generated and thus with a bias from the ground-truth states h; (used during
training). Although BAGEL implements a diffusion forcing strategy to alleviate
the exposure bias, it operates in the ground-truth noisy latent space, leading to
accumulated errors for the context (w1, z;, 7L<7) when ¢ increases.

To bridge this gap, we propose a dynamic hidden state (DHS) mechanism
that enforces the model to condition on its own visual predictions during train-
ing. Due to the long-context scenario that demands massive computation, we
leverage a training-time KV cache mechanism [§] to enable an affordable end-
to-end autoregressive rollout of the constructed data flow. We first process the
deterministic, known information. The system instructions and input modality
x1 are encoded and tokenised, with their activations being stored in the KV
cache. When the data flow reaches a generation token (i.e., tokenised ef), we
initiate a few-step (10 steps in our case) diffusion [§] in the VAE latent space to
generate the current missing modality, where generation loss is computed on the
exit timestep. This generation is conditioned on the previously KV cache con-
taining history hidden states. Then, we project the self-generated visual tokens
é; back to the model’s hidden state ; and append it to the KV cache. Finally,
the understanding task zj is processed using the fully accumulated KV cache.
Because this cache now contains the self-generated dynamic intermediate states
rather than the ground-truth static ones, the model is forced to provide accurate
results despite the presence of its own generative artefacts.

Following the procedure, UniBrain is trained with a unified loss function
modified with dynamic states. For text-related tasks (thinking and reporting),
we employ the next-token prediction (NTP) loss for each hidden state:

LnTp = — ZIng(hi,n|KV<ia hi,<n;8), (2)
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where h;, denotes the n-th token in its current state, KV ; denotes the KV
cache for previous states. For visual generation, we apply flow matching on the
latents:

Laow = Eiovio1),enonl|Volel, t, KV) — (e — €))7, (3)

where the model predicts the velocity for interpolated latent e conditioned on
the previous KV cache. We keep the bidirectional attention on visual tokens in
current states. The overall loss can be formulated as:

1
L= z Z:(£SA + LnTp + Liow)- (4)

During inference, each patient case provides a available modalities {z;}¢ ; as
inputs, while the remaining modalities {z;}¥_, ., are missing and need to be
synthesised. We sequentially perform the generation tasks {zz}f;al, before per-
forming the final understanding task zj. For each task, the model predicts its
next state based on the accumulated multimodal context: ﬁi=ﬂ9($1,zi,ﬁ<i),

where ﬁ<i:{h1, ..y ha, iLaH, ol ﬁi,l} denotes the history of hidden states.

3 Experiments

3.1 Data and Experiment Settings

Dataset A public dataset, RadGenome-Brain MRI [9], is used for model train-
ing and evaluation, which contains 3,408 brain MRI scans acquired from multiple
sites with paired radiology reports, covering six MRI modalities (T1, T2, FLAIR,
DWI, ADC, and T1ce) and five neurological disease types (glioma, meningioma,
metastasis, stroke, white matter hyperintensities (WMH)). The reports were
written by senior radiologists, providing findings and impressions grounded in
the annotated image regions [9]. We follow the official setting to split the dataset
into training (n=2,382), validation (n=338), and test sets (n=688).

Implementation Details UniBrain is built upon the BAGEL backbone with
14B parameters pretrained on large-scale multimodal data [5]. To stabilise train-
ing, the model was trained with self-alignment for 2,000 steps, followed by 2,000
steps for non-KV cache training and 200 steps using the DHS mechanism. At
each step, we sample a batch of brain MRI slices corresponding to annotated
lesions and randomise the number and order of MRI modalities. The correspond-
ing impressions and clinical findings, together with the images are packed into
a sequence of 13,408 tokens for model training. Since 2D slices are used, we re-
formulate the 3D volumetric and size-related descriptions in the original reports
and project them to 2D slice-specific descriptors. We randomly drop the text and
visual tokens with the probability of 0.1 and 0.3, respectively. All experiments
were performed on 8 Nvidia A100 GPUs.
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Fig. 2. Qualitative results for unified brain MRI analysis using UniBrain.

Table 1. Quantitative results for diagnosis and report generation with missing MRIs.
Und. means the understanding-only counterparts of the model.

T1lw only Tiw + T2w Tlw + T2w + T2f Complete Data
Top-1 ROUGE RaTE Top-1 ROUGE RaTE Top-1 ROUGE RaTE Top-1 ROUGE RaTE

Methods

Implicit Representation Learning
ShaSpec [25] 63.61 - - 71.98 - - 75.26 - - 77.19 - -
SimMLM [10] 65.98 - - 74.47 - - 76.60 - - 78.72 - -

Explicit Modality Imputation

ResViT [] + Lingshu [29] 24.82  20.79 37.83 31.21 19.06  34.83 37.59 19.41 37.08 - - -
ResViT [] + UniBrain 59.57  35.10 56.62 67.38  36.49 59.18 73.05  38.28 59.88 - - -
M2DN [14] + UniBrain 56.03  33.93 57.76 75.18 36.38 60.08 76.60 38.36 60.98 - - -

Multimodal Large Language Models

BAGEL [5] 11.35  17.02  44.37 17.02 1543  41.08 22.70 16.12  42.35 2837 17.76  43.19
UniMedVL [16] 29.79  13.90 42.58 30.50 14.73  41.84 32.62 13.81 43.58 3830 13.70  43.97
Lingshu [29] 21.99 18.08  36.91 24.82 19.49 3555 29.79 1813  34.32 41.13  20.26  37.29
UniBrain Und. 69.50 37.35 61.50 73.05 3594 60.48 76.60 38.05 61.04 82.06 38.94 61.62
UniBrain 74.47 36.93 61.57 76.60 38.23 61.24 78.01 38.68 61.90 82.06 38.94 61.62

3.2 Results

Diagnosis and Report Generation Performance with Missing Modali-
ties Table|l|reports the top-1 diagnostic accuracy (Top-1) [2] and report gener-
ation quality (ROUGE-1 [13], RaTEScore [33]) under different missing-modality
scenarios, compared between different methods that handle missing modalities.
While implicit representation learning methods (ShaSpec[25] and SimMLM [10])
achieve reasonable diagnostic accuracy, they lack clinical interpretability. Ex-
plicit modality imputation methods (ResViT [4] and M2DN [I4]) perform poorly
in diagnostic accuracy. This is because the imputation methods are trained sepa-
rately from the MLLMs, leading to misaligned features between imputed images
and MLLMs. Instead, UniBrain overcomes this issue via unified modeling and
outperforms other MLLMs. It achieves 74.47% diagnostic accuracy in the highly
challenging setting with only T1w modality available. With complete data, the
diagnostic accuracy further increases to 82.06%.
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Table 2. Quantitative evaluation of missing modality imputation. * means we ensemble
results sampled with 5 random seeds.

Tiw — T2w Tlw, T2w — T2f Tlw, T2w, T2f — Tlc
PSNR SSIM Top-1 PSNR SSIM Top-1 PSNR SSIM Top-1

Methods Architecture

Generative Baselines

MM-GAN [22] GAN 23.08 0.8774 56.74 23.32 0.8719 56.03 23.40 0.8702 60.19
ResViT [4] GAN 22.81 0.8751 57.45 23.13 0.8740 67.38 23.00 0.8735 61.70
M2DN [14] Diffusion 22.79 0.8019 51.06 2246 0.7764 51.06 22.05 0.7820 61.70

Unified Multimodal Models

UniMed VL [I6] Unified Model 19.82 0.7230 56.03 19.96 0.6608 63.12 21.53 0.6599  56.74
UniBrain Unified Model 22.23 0.8637 68.09 22.58 0.8613 67.38 22.26 0.8617 74.47
UniBrain* Unified Model 23.43 0.8850 63.83 23.49 0.8760 68.08 23.52 0.8725 76.60

Table 3. Ablation studies for UniBrain.

Components Understanding (T1w only) Generation (T1lw— ... —»T1c)

Model

Unified SA DHS Acc-1 ROUGE RaTEScore PSNR SSIM Top-1
A 70.05  35.71 60.12 - - -
B v 75.11 36.35 60.52 21.28 0.8329 70.12
C v v 73.76  35.34 59.23 22.09 0.8456 74.03
UniBrain v v v T74.47 36.93 61.57 22.47 0.8519 76.60

Missing Modality Imputation Fidelity and Diagnostic Usability Ta-
ble 2] reports the fidelity of the generated missing modalities in terms of peak
signal-to-noise ratio (PSNR), structural similarity (SSIM) and the usability for
downstream diagnostic task in terms of Acc-1, evaluated via the understanding
expert of UniBrain. Compared to a medical multi-modal model UniMed VL [16],
UniBrain achieves better performance in both imputation fidelity and diagnostic
usability. Compared to strong generative model baselines, which are image-only
models specifically designed for imputation, UniBrain achieves similar or slightly
lower performance in imputation fidelity. However, it achieves much higher diag-
nostic usability in terms of Acc-1. Also, we notice that if UniBrain is ensembled
with five random seeds, it can outperform specifically-designed imputation mod-
els in terms of low-level fidelity metrics (PSNR and SSIM) while maintaining
superior diagnostic performance.

Ablation Studies Table [3| reports quantitative results for ablation studies to
evaluate the contributions of each component in UniBrain. We start with a
vanilla BAGEL architecture (A) and perform the understanding task, serving as
a strong baseline. Then, we introduce interleaved data for unifed modeling (B)
and enable understanding with imputed modalities, which greatly improve the
diagnosis performance (by 5.06%). Furthermore, we impose self-alignment (SA)
strategy (C) to enrich fine-grained representation, which benefits the generation
quality (+0.81 in PSNR) while slightly disturbing the diagnosis accuracy. The
final UniBrain model introduces the dynamic hidden state (DHS) mechanism,
achieving optimal overall performance for both generation and understanding.
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4 Conclusion

In this paper, we introduce UniBrain, a novel unified multimodal model designed
to perform multimodal brain MRI analysis with potential missing modalities.
UniBrain adapts an autoregressive architecture to represent fine-grained MRI de-
tails via self-alignment and conduct multimodal reasoning with the dynamic hid-
den state mechanism. Extensive evaluations demonstrate that UniBrain achieves
strong performance in terms of modality imputation fidelity, report generation
quality, and disease diagnosis accuracy. Future work will explore improving com-
putational efficiency (currently requiring over 32GB GPU memory for inference),
involving radiologists in model evaluation for diverse disease cohorts, adapting
the model from 2D to 3D, and extending medical data modalities to further
enrich the diagnostic context and advance towards autonomous, multimodal Al
for healthcare.
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