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Abstract. Recent diffusion-based approaches have achieved high-fidelity
synthesis of missing sequences from partially observed multi-sequence
MRI. However, most existing methods rely on a one-way conditional
paradigm, in which observed sequences are used as fixed conditions while
denoising pre-specified targets, which limits adaptability to arbitrary
missing patterns. A more flexible formulation should encode the observed-
missing asymmetry within the diffusion process itself. Hence, we pro-
pose AsynDiff, an asynchronous-timestep diffusion framework for multi-
sequence MRI fusion and synthesis. At each training iteration, we assign
sequence-specific timesteps, deliberately inducing inter-sequence noise
disparities that promote dependable guidance from low-noise observed
sequences to high-noise missing targets. To exploit this asymmetry, we
propose cross-sequence noise-aware attention, which adaptively modu-
lates attention weights based on relative noise levels, amplifying reli-
able features while suppressing noisy and potentially misleading cues.
Experiments on BraTS2021 and BraTS-GLI (2024) demonstrate that
AsynDiff outperforms comparisons in missing-sequence synthesis. Fur-
ther analyses across sampling strategies and attention visualizations un-
der varying noise schedules corroborate both the effectiveness and inter-
pretability of the proposed design, highlighting asynchronous-timestep
diffusion as a principled mechanism for robust multi-sequence MRI com-
pletion. Our code is publicly available 5.

Keywords: Multi-Sequence MRI Synthesis - Diffusion Models - Asyn-
chronous Timestep - Cross-Sequence Noise-Aware Attention

® https://github.com/fiy2W / AsynDiff
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1 Introduction

Multi-sequence magnetic resonance imaging (MRI) provides complementary tis-
sue contrasts that are critical for diagnosis, treatment planning, and quantita-
tive analysis [5, 21, 20]. In clinical practice, however, acquiring a complete set of
sequences is often infeasible, as sequences may be missing or unusable due to
scan-time and cost constraints, motion and susceptibility artifacts, contraindica-
tions to contrast agents, and protocol heterogeneity across scanners and institu-
tions [4]. Such incompleteness can substantially degrade downstream pipelines,
such as segmentation, registration, and radiomic analysis, thereby motivating
methods that synthesize missing sequences from available data to improve ro-
bustness and harmonization [24].

Deep generative models have been extensively explored for MRI synthesis,
evolving from GAN-based image-to-image translation [24,15,28,17,6, 11, 10] to
diffusion-based generation [13,26,8,27]. Although GANs can produce visually
plausible images, they often suffer from unstable training, mode collapse, and
limited mechanisms for uncertainty characterization [7]. Diffusion models, such
as DDPM [12] and subsequent refinements including EDM [14] and latent dif-
fusion [23], instead learn an iterative denoising process and have demonstrated
improved stability and high-fidelity synthesis in medical imaging. Nevertheless,
multi-sequence MRI synthesis poses challenges beyond single-input translation,
as the model must fuse a variable subset of observed sequences and propagate
anatomy-consistent structure to unobserved targets. Most existing methods [13,
26,8, 27] follow a one-way conditional paradigm, using observed sequences as
static conditions while denoising pre-specified targets, which restricts adapta-
tion to diverse missing patterns. This design also complicates controlled cross-
sequence transfer when multiple targets are synthesized jointly, potentially lead-
ing to anatomical inconsistencies across sequences under incomplete inputs.
These issues suggest that the key challenge is not only conditioning but also
regulating information flow based on what is observed versus what is missing
during denoising. A natural solution is to embed this observed-missing asym-
metry into the diffusion dynamics, so that reliable sources are explicitly favored
when guiding uncertain targets.

(a)

te®) 4 (1 - 1)e® te(®) 4 (1 — 1)e(®)

ta(2) 4 (1 — 1)@

toz(2) 4 (1 - t5)e(?)

(b)

t1e(D) 4 (1 - t1)e(D) t3x(3) 4 (1= t3)e(® t4x(4)+(1_t4)€(4
Fig. 1. Comparison between synchronous and asynchronous noise injection. (a) Syn-
chronous: all sequences are perturbed at the same noise timestep ¢. (b) Asynchronous:

the sequences are perturbed at different noise timesteps t;,i = 1,2, 3, 4.
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To address these limitations, we propose AsynDiff, an asynchronous-timestep
diffusion framework for multi-sequence MRI fusion and synthesis. As shown in
Fig. 1 (b), different sequences are assigned different timesteps at each train-
ing iteration, deliberately inducing controlled inter-sequence noise disparities
that prioritize reliable guidance from less-corrupted observed sequences to more-
corrupted missing targets. Our primary contributions are as follows: (1) We in-
troduce a novel paradigm that applies asynchronous-timestep diffusion to multi-
sequence MRI synthesis. (2) We propose cross-sequence noise-aware attention
that adapts fusion patterns according to relative noise levels, promoting reli-
able information transfer from observed sequences to missing targets. (3) We
explore various sampling strategies for robust inference under arbitrary missing-
sequence patterns and analyze sampling-step trade-offs. (4) We demonstrate
consistent gains on the BraTS2021 and BraTS-GLI (2024) datasets with com-
prehensive comparisons, ablations, and attention visualizations that highlight
both effectiveness and interpretability.

2 Methods

2.1 Asynchronous-Timestep Diffusion

Synchronous Timestep. A common formulation for multi-sequence diffusion
represents the multi-sequence state as a concatenated tensor, x = [x(l), ey M )},
where each sequence z(™ € RF*W (2D) or 2(™) € REXWXD (3D), and applies
a shared diffusion timestep ¢ under a linear noise schedule [1, 18, 19]:

xy =txg + (1 —t)e, €~ N(0,1), (1)

where xy denotes the clean multi-sequence sample, x; is its noisy version at
timestep t € [0, 1], and € is the Gaussian noise with identity covariance I. Under
such a synchronized schedule, the denoiser observes all sequences at the same
corruption level, which can hinder the effective extraction and propagation of
informative cues from the observed sequences.

Asynchronous Timestep. We decouple noise levels across sequences by as-
signing each sequence its own timestep t,, at each training iteration. Specifically,
we independently sample {¢,,}»_, which induces controlled inter-sequence noise
disparities. This design exposes the denoiser to asymmetric corruption patterns
and enables it to learn how to leverage relatively cleaner sequences to guide the
reconstruction of more heavily corrupted targets. For each sequence m, we apply
a sequence-specific forward noising process:

2™ = ™ 4 (1= tm)e™, ™~ N(0,1). (2)

Training Objective. Following the observation in JiT [16] that directly pre-
dicting clean data (z-prediction) is advantageous in high-dimensional pixel /patch
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Fig. 2. An overview of AsynDiff architecture. Asynchronous noisy images at timesteps
tm, conditioned on the sequence class ¢, are fed into AsynDiff for denoising.

space, we parameterize the denoiser as,
L(m)\M M M
(a6 b = g (12 h s b)) ®

where fp denotes a neural network with parameters 6, igm) is the predicted
clean sample for sequence m, and {-}*_, indicates the collection over all M
sequences. An asynchronous flow velocity v(™) is defined as the time-derivative

of z{™ that is, v(™ = (z{™ —xg:))/(l—tm). We train the model by minimizing

tm

the following flow-based objective:

2
5m) _ U(m)H : (4)

M
LO) =D Am

where (™) denotes the predicted flow velocity based on :%ém) for sequence m,
and A, is a sequence-specific weighting factor. To accommodate samples with
incomplete sequences, we set A\, = 0 and ¢,, = 0 (i.e., 2™ = (m)

b ) for any
missing data; otherwise, we use A\, = 1.

2.2 AsynDiff Architecture

Our asynchronous-timestep diffusion mechanism is model-agnostic and can be
seamlessly integrated into existing diffusion backbones. In Fig. 2, we instantiate
AsynDiff by augmenting the JiT [16] with additional cross-sequence noise-aware
attention blocks, retaining the simplicity and scalability of JiT while enabling
explicit multi-sequence interaction under sequence-asynchronous noise schedules.
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Intra-Sequence Transformer Block. Let Hi(nm) € RBXNXL he the token

features of sequence m from a linear image embedding, where B, N, and L denote

batch size, number of spatial tokens, and hidden size. The intra-sequence block

performs denoising within each sequence using a Transformer block equipped
with adaptive layer normalization (AdaLN-Zero) [22]:

H = H™ + of™ At ((1+4{™) LN(HE™) + 5™, 5

5

out mid mid

HGW = HU + of™ FEN((1+ 8™ LN(H ) + 55™),

where Attn(-) denotes multi-head self-attention, FEN(:) is a position-wise feed-
forward network, and LN(-) presents a layer normalization. The modulation
parameters are predicted from:

(o™ 7™ 5™, ™, A4, BE™) = MLP (Exmby (t) + Embe(cn) ), (6)

where Emb;(-) and Emb,.(-) are embedding layers for the noise timestep ¢,
and the sequence class ¢, respectively, and MLP(-) is a modulation network,
implemented as a two-layer perceptron with a SiLU nonlinearity.

Cross-Sequence Noise-Aware Attention Block. To enable cross-sequence
information flow, we insert a fusion module between intra-sequence Transformer
blocks. Given per-sequence token features { H (m) M_ |, we align them by spatial
index and reshape them into H2!! € R(BN)XMXL “quch that each spatial token
performs self-attention over the M sequences. Formally, this module is obtained
by directly modifying Eq. 5 and Eq. 6 such that the intra-sequence feature H (")
is replaced with H®!!', and the per-sequence conditions (,,, ¢,,,) are replaced with

a joint condition (.51, can) shared across all sequences:
tall = COHC&t(h,...,tM), Call = Concat(cl,...,cM). (7)

Conditioning on (ta11, ca1) enables the block to adapt cross-sequence information
passing according to relative noise levels. Finally, we reshape the output back into

{H(™1M_and proceed with subsequent intra-sequence Transformer blocks.

3 Experiments

3.1 Experimental Settings

Datasets and Evaluation Metrics. We evaluate missing-sequence synthesis
on the BraTS2021 [2, 3, 21], which contains four brain MRI sequences per subject
(T1, T1Gd, T2, and Flair) for pre-treatment glioma. We use 1,001 subjects
for training, 250 for validation, and 219 for testing. For external validation,
we evaluate on 188 subjects from the BraTS-GLI (2024) [25], which focuses
on post-treatment glioma. All volumes are intensity-clipped at the 0.5th and
99.5th percentiles, normalized to [—1, 1], and center-cropped to 128 x 192 x 160.
During training, we randomly sample an input subset of sequences and treat the
remaining ones as targets. For validation and testing, input-target combinations
are fixed. We report synthesis quality using PSNR, SSIM, and LPIPS [11].
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Table 1. Quantitative results for missing-sequence synthesis given a subset of inputs.

N Methods BraTS2021 (Internal) BraTS-GLI (External)

PSNRT SSIMT LPIPS] DPSNRT SSIMT LPIPS]

MM-GAN 23.1+£1.9 0.85840.040 9.84£3.27 17.6+3.1 0.731£0.096 17.1+4.39
ResViT 22.6+1.7 0.8504£0.040 10.1£3.16 17.9£3.2 0.732£0.095 17.0+4.33
TSF-Seq2Seq 23.3+2.0 0.862+0.044 9.17+3.47 18.0£3.6 0.742+0.114 15.2+4.13
1 CoLa-Diff 22.7£2.0 0.888+0.022 10.3£2.47 19.6£2.8 0.837£0.046 14.1£3.20
MU-Diff 23.0+£1.9 0.89140.023 8.74£2.43 19.9£2.7 0.844£0.049 12.7+3.25

AsynDiff 23.3+2.0 0.899+0.024 8.50+2.24 20.1+3.1 0.846+0.052 12.0+-2.94
(w/o Asyn) 19.0£1.8 0.7374+0.038 21.6+3.79 18.1+£1.6 0.733+0.031 22.7+3.22

MM-GAN 23.94£2.2 0.878+£0.037 8.21+£2.75 18.1£3.7 0.747£0.109 15.3+4.43
ResViT 23.7+£2.0 0.87740.036 8.51£2.50 18.6+3.8 0.751£0.108 15.0+4.48
TSF-Seq2Seq 24.2+2.1 0.881£0.037 8.23+2.59 18.24+4.1 0.747+0.124 14.9+4.63
2 CoLa-Diff 23.3£2.3 0.904£0.022 8.68+2.15 19.5+£3.4 0.843+0.055 12.943.43
MU-Diff 23.842.2 0.9104+0.025 7.25£2.13 19.84+3.4 0.850%0.058 11.44+3.52

AsynDiff 24.14+2.4 0.918+0.024 7.17+2.15 20.0+3.8 0.853+0.062 11.1+3.20
(w/o Asyn) 19.14+1.4 0.7084+0.045 22.0+4.44 18.0+1.2 0.697+0.036 22.8+3.30

MM-GAN 24.4+3.1 0.89940.043 6.89£3.18 17.0£3.2 0.720£0.096 16.5+3.13
ResViT 24.1+£2.6 0.89940.040 7.26£2.76 17.7£3.3 0.731£0.092 16.1+3.33
TSF-Seq2Seq 24.5+2.7 0.900+0.043 6.84+3.00 17.243.7 0.724+0.120 15.7+3.91
3 CoLa-Diff 23.8+£2.5 0.91940.022 7.15£2.01 18.8£2.8 0.830£0.049 13.0+2.25
MU-Diff 24.6£2.7 0.928+£0.026 5.84+2.11 19.0+£2.8 0.833£0.048 11.8£2.25

AsynDiff 24.8+2.8 0.936+0.024 5.60+2.03 19.2+3.0 0.837+0.055 11.8+2.11
(w/o Asyn) 12.2£1.0 0.4914+0.004 67.94£3.47 12.3£0.7 0.485+0.006 67.0£2.87

AsynDiff (2D) AsynDiff (3D)

CoLa-Diff MU-Diff

Fig. 3. Examples of synthetic T2 of methods input with T1, T1Gd, and Flair.

Implementation Details. All models are implemented in PyTorch and trained
on a single NVIDIA H200 GPU. The backbone configurations are summarized
in Table 2. For 2D models, we use a patch resolution of 192 x 160 with a batch
size of 32; for 3D models, we use a patch resolution of 80 x 80 x 80 with a batch
size of 4. We train for 250,000 steps using AdamW with a learning rate of 1074, a
linear warm-up of 1,250 steps, and a cosine learning-rate schedule. For inference,
we use a rectified-flow sampler and an Euler ODE solver with 5 steps (Fig. 5),
and further compare timestep scheduling strategies as summarized in Fig. 4.
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Table 2. Details and an ablation study of the backbone architecture.

Backbone Dim Patch Depth Hidden Head PSNR?T SSIMt LPIPSt
2D 16x16 12 768 12 23.842.4 0.912+0.027 7.65+2.53

JIT-B 3D 8x8x8 12 792 12 22.3£3.1 0.923+0.024 7.53+2.53
JiT-L 2D 16x16 24 1024 16 24.0+2.5 0.920+0.028 7.01+2.51
e 3D 8x8x8 24 1056 16 22.842.9 0.921+0.024 8.04+£2.60
JT-H 2D 16x16 32 1280 16 24.3+2.4 0.918+0.027 7.18+2.52
3D 8x8x8 32 1344 16 22.6+3.0 0.923£0.025 7.85+2.71
Strategy 1 Strategy 2 Strategy 3 Strategy 4
JEESENEI AR R e VR RE L UL ERENE YR N .........- EIEREREIEVETENERENEY
TlGd..----.--- BI0:20.30.40506070808 [EIEEEE0020203030405 [810:20.40.c 0 [l N N EE
00:20.30.40.5060.70808 [BJ0E0:20.30.405060.70808 [l 020.30.40.50.60.70808 [BIEH020.30.40.50.60.70:808
Flalr.......... ...030.40.50.60.7.. .....0.20.30.30.40;5 ..0406......
12345678091 1234567891 12345678910 345678910
Sampling Steps Sampling Steps Sampling Steps Sampling Steps
26 wxx 1.0 wxk 15
244 7 1 094 T T -

PSNR
SsIM
|
LPIPS
S

Strategy 1
22 0.8 - Strategy 2

. [ Strategy 3
20 0.7 5 Strategy 4

Fig. 4. Four t,, sampling strategies for synthesizing T2 images from T1 inputs (JiT-
B 2D). Bar plots compare PSNR, SSIM, and LPIPS across strategies (mean+SEM).
Statistical significance was assessed using repeated-measures one-way ANOVA.

3.2 Results

Alternative Comparisons. We compare AsynDiff with GAN-based (MM-
GAN [24], ResViT [6], TSF-Seq2Seq [11]) and diffusion-based (CoLa-Diff [13],
MU-Diff [8]) methods under varying numbers of available input sequences N.
Fig. 3 visualizes qualitative examples of T2 synthesis from the input combina-
tion of T1, T1Gd, and Flair. Table 1 illustrates that GAN-based methods tend
to yield more stable intensity fidelity (higher PSNR), whereas diffusion-based
approaches better preserve structural and semantic details (better SSIM and
LPIPS). Our AsynDiff maintains the diffusion advantage while remaining com-
petitive in PSNR. Note that PSNR values are lower overall because they are
highly sensitive to intensity scaling and normalization [9].

Ablation Study. Removing asynchronous timesteps (w/o Asyn) causes a sub-
stantial performance drop across all settings (Table 1), demonstrating that de-
coupling noise levels is critical for effective cross-sequence utilization. Specifically,
"w/o Asyn" keeps the same backbone and cross-sequence noise-aware attention
blocks, but replaces the sequence-specific timesteps with a shared synchronized
timestep for all sequences. From Table 2, the 2D backbones show an overall
scaling trend (e.g., JiT-L outperforming JiT-B), while the gain from JiT-H is
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Fig. 5. Performance curves with 95% confidence interval (CI) of T1-to-T2 image syn-
thesis under Strategy 2 (JiT-B 2D), evaluated across different total sampling steps.
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Fig. 6. Attention map in the first cross-sequence noise-aware attention block of Asyn-
Diff (JiT-B 2D) under different noise timesteps [t1, t2, ts, t4].

marginal, likely due to its substantially larger capacity requiring more training
data to exploit fully. For 3D variants, the PSNR drop can be attributed to patch-
wise prediction introducing local-contrast bias, a phenomenon also observed in
other 3D designs. Nevertheless, 3D backbones exhibit better structural details
(higher SSIM) than their 2D counterparts.

Inference Strategies. Fig. 4 compares four timestep scheduling strategies dur-
ing sampling: (1) denoising only the target; (2) synchronous denoising of all miss-
ing sequences; (3) denoising other missing sequences slower than the target; and
(4) denoising them faster. Strategy 2 performs best overall (significantly lower
LPIPS than Strategy 3), whereas Strategies 1 and 4 degrade markedly, indicating
that stable synthesis benefits from coordinated denoising trajectories and avoids
unreliable sequences, which may weaken cross-sequence guidance. Fig. 5 further
shows performance versus the total number of sampling steps. When considering
all metrics, 5 steps provide the best trade-off for T1-to-T2 synthesis.

Noise-Aware Attention. To examine how AsynDiff routes information under
asynchronous noise, Fig. 6 shows attention maps from the first cross-sequence
noise-aware attention block under different timestep settings. With uniformly
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high noise, attention is broadly distributed across sequences; with uniformly
low noise, it becomes more concentrated within each sequence, indicating intra-
sequence refinement. Under asynchronous noise, information transfers toward
lower-noise (more reliable) sequences to higher ones, consistent with supporting
the intended mechanism for missing-sequence synthesis.

4 Conclusion

In this work, we propose AsynDiff, an asynchronous-timestep diffusion frame-
work for multi-sequence MRI synthesis that enables noise-aware cross-sequence
information transfer. Extensive experiments on BraTS2021 and BraTS-GLI (2024)
demonstrate consistent improvements over state-of-the-art baselines, and atten-
tion visualizations provide interpretability of the learned fusion behavior.
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