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Background

Ref: Li et al. ”Multiplexed magnetic resonance imaging”. NATURE, 2026

414 | Nature | Vol 653 | 14 May 2026

Article

was evaluated on the ISMRM/NIST relaxometry phantom (High Precision 
Devices). As shown in Fig. 2b and Extended Data Fig. 2b, MRx-derived T1 
and T2 values closely matched the manufacturer references and were 
better than those from the standard methods (Supplementary Note 1).

MRx was successfully used to scan healthy volunteers and patients 
with brain tumours and MS in clinical settings, demonstrating the 
feasibility of whole-brain mapping of a large set of structural, physi-
ological and molecular biomarkers. Figure 2c shows representative 
results from a healthy volunteer, including molecular maps (NAA, Cr, 
Cho, mIn, Gln, GSH, Tau, NAAG, Glu and GABA) in 2 × 3 × 3 mm3 nomi-
nal resolution and tissue property maps (oxygen extraction fraction 
(OEF), deoxygenated blood volume (DBV), T2′, T2*, quantitative sus-
ceptibility mapping (QSM), axonal water fraction (AWF), extracellular 
water fraction (EWF), myelin water fraction (MWF), T1, T2 and PD) in 
1 × 1 × 1 mm3 resolution. The measured values were consistent with 
those reported in the literature and measured by the standard methods 
(Supplementary Note 1 and Extended Data Fig. 2c). The reproducibil-
ity of the MRx measurements was evaluated in a multicentre study to 
assess its intra-session, inter-session and cross-centre reproducibility. 
The measured biomarkers were analysed in 48 standard neuroimaging 
regions of interest (Supplementary Method 8). The reproducibility 
was evaluated using the coefficient of variation (CV) for all biomarkers 

except QSM20–22. As shown in Fig. 2d and Supplementary Tables 3–10, 
MRx achieved intra-session, inter-session and cross-centre CVs less 
than 4%, 4% and 7% for most water-based parameters, less than 5%, 
5% and 9% for the main metabolites and less than 15%, 15% and 18% for 
low-concentration molecules (GSH, Tau and NAAG). For QSM, repro-
ducibility was assessed using the intraclass correlation coefficient 
(ICC)23, achieving values of 0.9853, 0.9102 and 0.9074 for intra-session, 
inter-session and cross-centre reproducibility, respectively. The repro-
ducibility of MRx was comparable to or better than existing MR tech-
niques (Supplementary Table 11).

MRx in brain tumour
MRI is widely used for diagnosing brain tumours, with standard 
protocols including T1-weighted (T1W), T2-weighted (T2W) with 
fluid-attenuated inversion recovery (FLAIR) and T1-weighted 
contrast-enhanced (T1C) scans24. These scans are useful for evaluating 
tumour location, size and extent and blood–brain barrier disruption. 
However, they do not directly reveal the underlying pathophysiologi-
cal changes and heterogeneity of brain tumours, limiting their impact 
on treatment planning, management and assessment of therapeutic 
responses. This limitation could be effectively overcome by MRx. As 
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Fig. 3 | MRx in brain tumour. a, Experimental results from one patient 
histologically diagnosed with grade IV GBM. The MRx biomarkers (NAA, Cho, 
Lac, Gln, GSH, mIn, Cr, GABA, Glu, Tau, PD, T1, T2, T2*, T2′, OEF, DBV, MWF, AWF 
and EWF) clearly showed the key pathological processes underlying tumour 
and oedema tissues compared with the healthy tissue. b, Experimental results 
from two patients who were histologically diagnosed with grade II and grade III 
oligodendroglioma (OG), respectively: images of clinical MRI (FLAIR and T1C), 
MRx markers (T1, T2, MWF, QSM, T2*, T2′, DBV, OEF, NAA, Cr, Cho and Lac) and 
haematoxylin and eosin (H&E) histology results. Scale bars, 100 µm. Note that 
the clinical images cannot distinguish between the tumours in different grades; 

the limitation was overcome by MRx, which revealed substantial differences 
between grade II and grade III OG, especially the elevated Cho (58.8%, 
P < 0.001) and Lac (84.3%, P < 0.001) in grade III OG (n = 67,936) as compared 
with grade II OG (n = 74,357). Unpaired two-tailed Student’s t-tests were 
performed. c, Composite tissue state index derived from the standard MP-MRI 
and MRx data. As can be seen, the MP-MRI tissue state index failed to separate 
grade II from grade III OG and tumour from surrounding oedema, whereas the 
MRx tissue state index provided impressive discriminative power to separate 
the eight tissue types clearly. a.u., arbitrary units.

MRI has revolutionized clinical examination;

Yet current practice still largely relies on separate acquisition protocols, each providing only one qualitative biomarker at a time;
Some protocols, such as contrast-agent-enhanced imaging, are quite costly and may introduce potential health risks.

Imputing missing modalities and achieving “Virtual Full-stack Scanning” of brain MRI is highly desirable.
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(a) MMT Encoder Architecture (b) Two Successive M-Swin Encoder Blocks

Fig. 3: MMT Encoder architecture. MMT encoder performs joint encoding of multi-contrast input to capture inter- and
intra-contrast dependencies and generates hierarchical representations of the input images at multiple scales. MW-MHA and
MSW-MHA denote the M-Swin based multi-head attention using regular and shifted window partitioning, respectively.

D. MMT Decoder
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Fig. 4: MMT Decoder architecture. The MMT decoder gen-
erates target output based on a contrast query. The M-Swin
decoder blocks progressively decode the encoder outputs at
different scales and generate the desired output.

1) Overall Architecture: The MMT decoder works as a
“virtual scanner” that generates the target contrast based on
the encoder outputs and the corresponding contrast query.
Contrast queries are learnable parameters that inform the
decoder what contrast to synthesize and what information
to decode from the encoder outputs. Fig. 4 (a) shows the
detailed representation of an MMT decoder. The M-Swin
decoder progressively decodes the encoder outputs at different
scales and generates the output image in a coarse-to-fine
fashion, which allows it to consider both local and global
image contexts for accurate image synthesis. Similar to the
up-sampling path in the MMT encoder, two successive M-
Swin decoder blocks are followed by a patch-expanding layer,
which doubles the spatial resolutions and halves the feature
dimensions. The last patch merging layer performs a 4⇥ up-
sampling and restores the feature resolution to H ⇥ W by
splitting each patch token into 4⇥4 neighboring tokens along

the feature dimensions, which reduces the feature dimension
from 16C to C. Finally, an image decoding block (described
in Sec. III-E) is applied to produce the final image.

2) M-Swin Decoder block: The detailed representation of
the M-Swin decoder blocks is shown in Fig. 4 (b). The M-
Swin decoder block has a similar structure to the encoder
block, except that an additional M(S)W-MHA layer decodes
the outputs of the MMT encoder. The additional M(S)W-
MHA layer takes the features of input contrasts as key K

and value V and the feature of targeted contrast as query
Q in attention computation. It essentially compares the sim-
ilarity between the input and target contrasts to compute the
attention scores and then aggregates the features from input
contrasts to produce the features of target contrasts using the
attention scores as weights. Therefore, the attention scores in
this layer provide a quantitative measurement of the amount
of information flowing from different input contrasts and
regions for synthesizing the output image, which makes MMT
inherently interpretable. We provide attention score analysis
and visualization in Sec. IV-I.
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R

eL
U

C
on

v

C
on

v

C
on

v R
eL

U

C
on

v

C
on

v

C
on

v R
eL

U

(a) Image Encoding Block (a) Image Decoding Block

Fig. 5: Architectures of the image encoding and decoding
blocks. “Conv n⇥n” denotes a convolutional layer with kernel
size n⇥ n and “ReLU” denotes a ReLU nonlinearity layer.

CNNs are good at extracting image features. To combine
the best of Transformer and CNNs, we use shallow CNN
blocks for image encoding before feeding the images into
Transformer blocks in the MMT encoder and final image
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Fig. 2. Schematic illustration of our proposed M2DN. Our diffusion-based M2DN employs multi-input multi-output scheme and generates the
missing modalities by stepwisely performing the multi-modal denoising model. A modality mask, which encodes the availability status, is introduced
as condition for the denoising model to enable more efficient synthesis. The available modalities (masked as “0”) are self-reconstructed, and the
missing ones are synthesized during the reverse diffusion process.

multi-modal images are different views of the same subject and
multi-modal images share high-level common latent space, we
consider these different modalities as a unity in our work.

C. Denoising Diffusion Probabilistic Models
In recent years, denoising diffusion probabilistic models

(DDPMs) [37]–[40] have attracted huge attention due to their
strong generative ability. DDPMs learn to generate images
by reversing an elaborately designed diffusion process which
progressively degrades a clean image to a map of Gaussian
noise [41]. Thanks to the iterative nature of DDPMs, it has
been successfully employed in many applications such as im-
age generation, speech synthesis [42], and point cloud gener-
ation [43]. However, most of the existing DDPMs for medical
image synthesis are limited to single-modal generation [44],
including one-to-one [25], [26] and many-to-one [45], and
cannot synthesize different modalities flexibly within one
network. In this paper, we propose a unified and efficient
multi-modal generative network based on diffusion model for
brain MRI synthesis under random missing scenarios.

III. PROBLEM AND BACKGROUND

A. Multi-modal MRI Synthesis
Multi-modal MRI synthesis aims to generate missing

modalities based on observed modalities. In practice, there
are diverse scenarios of modality missing [46], [47] and
it is crucial to develop a unified synthesis model that can
effectively adapt to different situations covering any subset
of missing modalities. In this work, we focus on brain MRI

synthesis. Denote M = {x1,x2, · · · ,xM} as M multi-
modal brain MR images acquired by different scan sequences.
M = Ms +Mu, where Mu = {xu1 , · · · ,xun} represents n
missing modalities, and Ms = {xs1 , · · · ,xsm} indicates m
available modalities with n+m = M . The task of synthesizing
random missing modalities can be interpreted as conditional
generation of arbitrary missing modalities based upon the
available imaging modalities.

B. Denoising Diffusion Generative Models

Denoising Diffusion Generative Models [37], [38] learn
to generate an image by reversing a parameterized Markov
process that iteratively degrades a clean image x0 into a map
of Gaussian noise xT in T steps. Herein, each step in the
Markov process is a Gaussian transition

q (xt | xt→1) = N
(
xt;

√
1→ ωtxt→1,ωtI

)
, (1)

where N is Gaussian distribution and {ω1 · · ·ωT } is the pre-
defined variance schedule in diffusion models [38]. Eq. (1) is
a process providing xt by adding a small Gaussian noise to
the latent variable xt→1 with t→1 ↑ 0. Given the clean image
x0 = x, the denoising diffusion generative models sample xt

in a closed-form:

q (xt | x0) = N
(
xt;

↓
ε̄tx0, (1→ ε̄t) I

)
, (2)

where εt := 1→ωt and ε̄t :=
∏t

s=1 εs. However, the reverse
of the forward process

q (xt→1 | xt) =

∫

x0

q (xt→1 | xt,x0) q (x0 | xt) dx0 (3)

This article has been accepted for publication in IEEE Transactions on Medical Imaging. This is the author's version which has not been fully edited and 
content may change prior to final publication. Citation information: DOI 10.1109/TMI.2024.3368664
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Contrast Multi-Scale 
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Modality Missing”. TMI, 2024
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Fig. 3. Illustration of the Dynamic Feature Unification Module (DFUM).
(a) The scenario in which multiple modalities are available. (b) The
scenario in which only a single modality is available. (c) The detailed
structure of the attention block.

unified features. The used attention blocks are depicted in
Fig. 3 (c), which employ convolutional layers with 3→3, 5→5,
and 7→7 kernels to compute spatial attention of each modality
at different receptive fields. Noteworthy, missing modalities
(with aci = 0) are excluded from the integration process. The
Soft Integration process can be formulated as:

F (s)
soft =

4∑

i=1
aci==1

W (s)
i ↑ F (s)

i (2)

W (s) = ω(Concat
{
Attn(F (s)

i ) | aci == 1
}
) (3)

where Attn(·) denotes the attention block, and ω(·) denotes
Softmax activation. The final integrated feature is obtained by
combining the Hard Integration and Soft Integration:

F (s)
DFUM = Conv1→1(Concat

{
F (s)
hard, F

(s)
soft

}
) (4)

where Conv1→1 denotes a convolutional layer with 1 → 1
kernel. To sum up, Hard Integration emphasizes the most im-
portant information from each modality while Soft Integration
supplements discarded features after re-weighting, as such,
DFUM can flexibly combine features from multiple available
modalities in both discrete and continuous manners.

Fig. 3 (b) depicts the scenario in which only a single
modality is available. In this case, Soft Integration equals a

self-attention module that encourages the focus on regions-of-
interest (e.g., tumor regions), and Hard Integration equals an
identity function:

F (s)
hard = F (s)

i (5)

F (s)
soft = Attn(F (s)

i ) (6)

in which the ith modality is the single available modality. In
other words, DFUM acts as a self-attention mechanism when
processing a single available modality.

With this dynamic processing strategy, our DFUM facilitates
both one-to-one (single modality available) and many-to-one
(multiple modalities available) synthesis tasks. We plug five
DFUMs in total into the generator and finally obtain five-scale
unified features {F (s)

DFUM}5s=1.
3) Decoder: The decoder utilizes four individual decoding

streams {DSi}4i=1 to decode five-scale unified features into
images of four modalities. Each decoding stream is intended
for synthesizing the contrast of a specific modality. For avail-
able modalities with aci = 1, the decoder aims to recon-
struct them while for missing modalities with aci = 0, the
decoder aims to synthesize soft-tissue contrasts with desired
distributions. The detailed structure of DSi is illustrated in
Fig. 2, which progressively decodes and merges multi-scale
features through sequential up-sampling and convolutional
layers. Similar to the encoder, certain parameters are shared
among all decoding streams (see the red dotted box in Fig. 2).

4) Loss Function: We employ a hybrid loss to optimize the
generator, consisting of a synthesis loss, a reconstruction loss,
and an adversarial loss. Concretely, the synthesis loss Lsyn

is a pixel-wise L1 loss that measures the difference between
synthetic images (of missing modalities) and real images:

Lsyn =
4∑

i=1

(1↓ aci) · L1(Ŷi, Yi), (7)

where Ŷi denotes the network-produced image of the ith

modality, Yi denotes the ground-truth image. aci is the avail-
ability of the ith modality, which is randomly generated and
may be different in each iteration. (1↓ aci) ensures that only
missing modalities are involved.

The reconstruction loss Lrec is a pixel-wise L1 loss measur-
ing the difference between reconstructed images (of available
modalities) and real images:

Lrec =
4∑

i=1

aci · L1(Ŷi, Yi), (8)

where aci ensures that only available modalities are involved.
The adversarial loss Ladv is a least square loss (L2 loss) [51]

that fools the discriminators. Upon convergence, the generator
produces realistic images that are indistinguishable from real
images, enabling the network to better model high-frequency
information and produce images that are coincident with the
target distribution:

Ladv =
4∑

i=1

(1↓aci)·(L2(Disi(Ŷi)↓1)+L2(Disi(Yi))), (9)

where Disi denotes the discriminator of the ith modality.
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unified features. The used attention blocks are depicted in
Fig. 3 (c), which employ convolutional layers with 3→3, 5→5,
and 7→7 kernels to compute spatial attention of each modality
at different receptive fields. Noteworthy, missing modalities
(with aci = 0) are excluded from the integration process. The
Soft Integration process can be formulated as:

F (s)
soft =

4∑

i=1
aci==1

W (s)
i ↑ F (s)

i (2)

W (s) = ω(Concat
{
Attn(F (s)

i ) | aci == 1
}
) (3)

where Attn(·) denotes the attention block, and ω(·) denotes
Softmax activation. The final integrated feature is obtained by
combining the Hard Integration and Soft Integration:

F (s)
DFUM = Conv1→1(Concat

{
F (s)
hard, F

(s)
soft

}
) (4)

where Conv1→1 denotes a convolutional layer with 1 → 1
kernel. To sum up, Hard Integration emphasizes the most im-
portant information from each modality while Soft Integration
supplements discarded features after re-weighting, as such,
DFUM can flexibly combine features from multiple available
modalities in both discrete and continuous manners.

Fig. 3 (b) depicts the scenario in which only a single
modality is available. In this case, Soft Integration equals a

self-attention module that encourages the focus on regions-of-
interest (e.g., tumor regions), and Hard Integration equals an
identity function:

F (s)
hard = F (s)

i (5)

F (s)
soft = Attn(F (s)

i ) (6)

in which the ith modality is the single available modality. In
other words, DFUM acts as a self-attention mechanism when
processing a single available modality.

With this dynamic processing strategy, our DFUM facilitates
both one-to-one (single modality available) and many-to-one
(multiple modalities available) synthesis tasks. We plug five
DFUMs in total into the generator and finally obtain five-scale
unified features {F (s)

DFUM}5s=1.
3) Decoder: The decoder utilizes four individual decoding

streams {DSi}4i=1 to decode five-scale unified features into
images of four modalities. Each decoding stream is intended
for synthesizing the contrast of a specific modality. For avail-
able modalities with aci = 1, the decoder aims to recon-
struct them while for missing modalities with aci = 0, the
decoder aims to synthesize soft-tissue contrasts with desired
distributions. The detailed structure of DSi is illustrated in
Fig. 2, which progressively decodes and merges multi-scale
features through sequential up-sampling and convolutional
layers. Similar to the encoder, certain parameters are shared
among all decoding streams (see the red dotted box in Fig. 2).

4) Loss Function: We employ a hybrid loss to optimize the
generator, consisting of a synthesis loss, a reconstruction loss,
and an adversarial loss. Concretely, the synthesis loss Lsyn

is a pixel-wise L1 loss that measures the difference between
synthetic images (of missing modalities) and real images:

Lsyn =
4∑

i=1

(1↓ aci) · L1(Ŷi, Yi), (7)

where Ŷi denotes the network-produced image of the ith

modality, Yi denotes the ground-truth image. aci is the avail-
ability of the ith modality, which is randomly generated and
may be different in each iteration. (1↓ aci) ensures that only
missing modalities are involved.

The reconstruction loss Lrec is a pixel-wise L1 loss measur-
ing the difference between reconstructed images (of available
modalities) and real images:

Lrec =
4∑

i=1

aci · L1(Ŷi, Yi), (8)

where aci ensures that only available modalities are involved.
The adversarial loss Ladv is a least square loss (L2 loss) [51]

that fools the discriminators. Upon convergence, the generator
produces realistic images that are indistinguishable from real
images, enabling the network to better model high-frequency
information and produce images that are coincident with the
target distribution:

Ladv =
4∑

i=1

(1↓aci)·(L2(Disi(Ŷi)↓1)+L2(Disi(Yi))), (9)

where Disi denotes the discriminator of the ith modality.
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Fig. 2. The neural networks implementing (a) the encoder q(z|x) and decoder p(x|z1); (b) the encoder q(z|x1) and decoder p(x|z1) for a L = 3
group hierarchical VAE with M = 2 modalities.

Let xo

r be a set of observed images. The true hierarchical
posterior pω(z|xo

r) can be factorized as a hierarchical
combination of the conditional unimodal distributions
((pω(zl|xj , z>l))Mj=1 s.t. r→j=1)

L

l=1 and the prior distribution
(pωl(zl|z>l))Ll=1 as follows:

pω(z|xo

r) →



p(zL)
M∏

j=1
s.t. rj=1

unimodal︷ ︸︸ ︷
pω(zL|xj)

p(zL)





︸ ︷︷ ︸
→pω(zL|xo

r)

L↑1∏

l=1



pωl(zl|z>l)
M∏

j=1
s.t. rj=1

unimodal︷ ︸︸ ︷
pω(zl|xj , z>l)

pωl(zl|z>l)





︸ ︷︷ ︸
→pω(zl|xo

r,z>l)

. (10)

Proof. See Appendix 1.3. ↭
Unlike the conditional prior distributions pωl(zl|z>l)

parameterized using using neural networks in 3.1, the
conditional unimodal distributions pω(zl|xj , z>l) are
intractable. We thus propose a variational approach.
Specifically, let r→ be an indicator vector in Sr . We
propose to factorize the variational posterior distribution
q(z|xo

r→) similarly to the true posterior pω(z|xo

r) defined

in (10) as a product of conditional prior distributions
pωl(zl|z>l) and variational unimodal distributions
(q(zl|xj , z>l))j↓{1,..,M} s.t. r→j=1:

q(z|xo

r→) →



p(zL)
M∏

j=1
s.t. r→j=1

q(zL|xj)

p(zL)





︸ ︷︷ ︸
q(zL|xo

r→ )

L↑1∏

l=1



pωl(zl|z>l)
M∏

j=1
s.t. r→j=1

q(zl|xj , z>l)

pωl(zl|z>l)





︸ ︷︷ ︸
qεl,ωl

(zl|xo
r→ ,z>l)

. (11)

While the product of two Normal densities p1

and p2 is proportional to a Normal density with
closed form solutions for its parameters, the ratio
p1

p2
is a Normal density if and only if the p1’s

variance is element-wise larger than p2’s variance. To
satisfy this constraint, we propose a parametrization
of the approximate conditional unimodal distributions
q(zl|xj , z>l) that guarantees

q(zl|xj ,z>l)

pωl
(zl|z>l)

to always be
a Normal distribution. Specifically, the approximate
conditional unimodal distributions q(zl|xj , z>l) are defined
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Figure 5. Exemplar code maps on the IXI (Top) and BraTS 2023 (Bottom) datasets. Using L = [8, 8, 8, 5, 5, 5], we visualize all codes
under the “PD→T1” and “T1, T2, FLAIR→T1Gd” scenarios, showing clustered distributions in the latent quantised space Q.

Table 3. Ablation studies of our CodeBrain on IXI. For recon-
struction (Rec.), we compare different training settings, including
models trained without and with Fc. For imputation (Imp.), we
further evaluate two prediction designs: classification-based (Cls.)
and our proposed grading-based scheme (Grad.). Here, we report
the mean performance across nine imputation scenarios.

Stages Settings PSNR (dB) → SSIM (%) → MAE (↑1000) ↓

Rec. w/o Fc 30.15 92.75 15.87
w/ Fc 34.32 95.94 10.65

Imp. w/ Cls. 29.24 92.83 18.00
w/ Grad. 29.50 93.05 17.57

Table 4. Comparisons of brain tumour segmentation across

four “3→1” scenarios on BraTS 2023. Results are shown for
zero imputation (1st row), synthesized imputation (2nd–5th rows),
and full-modality input (6th row). A 3D U-Net is trained for seg-
mentation, and the mean scores of 3D Dice (%, ↑) are reported for
the enhancing tumour, tumour core, and whole tumour.

T1 T2 FLAIR T1Gd mean

Zero Imputation 47.58 77.39 0.84 27.75 38.39

MMT [26] 86.07 87.08 85.90 57.25 79.08
Zhang et al. [49] 86.26 85.90 86.31 47.35 76.46
MMHVAE [10] 85.90 85.02 86.73 40.22 74.47
Our CodeBrain 86.10 86.23 86.47 61.44 80.06

Full Modalities 87.40

5. Conclusion

We have presented CodeBrain, a unified model for virtual
full-stack scanning of brain MRI. The key idea is to cast

the cross-modality translation task into two stages: learn-
ing compact codes and looking up these codes. First, each
complete brain MRI set is compressed to a quantised code
map using finite scalar quantisation. Second, CodeBrain
predicts the full-stack code map and concatenates it with
common features for the target synthesis. Extensive experi-
ments demonstrated its superior imputation performance.

Table 5. Ablation studies of different loss weights on IXI.
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Figure 6. Comparisons of different conditions on IXI. Com-
pared with using fixed binary conditions (1st column) and infinite
continuous conditions (4th column), the discrete codes (2nd and
3rd columns) achieve higher PSNR performance.
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Table 2. Comparison results on the IXI (Top) and BraTS 2023 (Bottom) datasets. Here, “O→O” and “M→O” indicate one-to-one and
many-to-one scenarios. Our CodeBrain surpasses all other methods of mean performance (Red and Blue indicate the top two methods).

Methods
Metrics PSNR (dB) → SSIM (%) → MAE (↑1000) ↓

mean O↔O M↔O mean O↔O M↔O mean O↔O M↔O

MMGAN [34] 27.64 26.76 29.41 90.84 89.71 93.10 21.39 23.31 17.55
MMT [26] 28.06 27.11 29.96 91.42 90.30 93.65 20.21 22.19 16.25
M2DN [27] 28.14 27.38 29.67 91.80 90.95 93.49 19.69 21.22 16.64

Zhang et al. [49] 29.00 28.08 30.85 92.63 91.63 94.62 18.40 20.10 15.00
MMHVAE [10] 28.11 27.23 29.88 91.20 90.15 93.29 20.14 21.96 16.51
Our CodeBrain 29.50 28.47 31.56 93.05 92.13 94.88 17.57 19.38 13.95

MMGAN [34] 24.28 23.76 24.68 89.11 88.22 89.78 23.72 25.15 22.65
MMT [26] 24.58 23.88 25.11 89.47 88.38 90.30 22.65 24.55 21.22
M2DN [27] 24.34 23.69 24.83 89.65 88.72 90.35 22.95 24.70 21.64

Zhang et al. [49] 25.01 24.31 25.54 89.98 89.00 90.72 21.53 23.31 20.20
MMHVAE [10] 24.29 23.66 24.76 88.83 87.88 89.54 23.63 25.46 22.25
Our CodeBrain 25.31 24.67 25.79 90.49 89.64 91.12 21.01 22.57 19.84
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Figure 4. Exemplar comparison results on the IXI (Top) and BraTS 2023 (Bottom) datasets. We show results between five public
models and our CodeBrain in the T2→PD (Top) and T1, T2, FLAIR→T1Gd (Bottom) scenarios, along with corresponding error maps.

rately predicts most of the corresponding codes and synthe-
sises high-quality brain MRI modalities on both datasets.
Selection of Conditions. Fig. 6 compares four different
condition designs. Compared with fixed binary conditions,
the proposed learnable region-level conditions achieve su-
perior PSNR performance for both reconstruction and im-
putation on IXI, indicating their ability to capture MRI
characteristics. However, when the condition space be-
comes overly complex (i.e., infinite continuous variables,
see the 4th column of Fig. 6), the imputation task becomes
substantially more difficult, leading to degraded perfor-

mance. In contrast, quantised code representations provide
a favourable balance between expressiveness and tractabil-
ity. Therefore, following [28], we set the quantisation level
to L = [8, 8, 8, 5, 5, 5], approximately corresponding to 216

potential scalar variables in FSQ [28].
Limitation and Future Work. Fig. 4 shows that despite
achieving the superior imputation performance, our model
may still be impacted by hallucination. Further improve-
ments could come from 3D modelling [15], and the in-
corporation of MRI physical theories [31], particularly for
contrast-enhanced modalities such as T1Gd.
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Virtual Full-stack Scanning of Brain MRI via Imputing Any Quantised Code
Yicheng Wu✉, Tao Song, Zhonghua Wu, Jin Ye, Zongyuan Ge, Wenjia Bai, Zhaolin Chen and Jianfei Cai

Email: y.wu2@imperial.ac.uk

Problem Definition and Our CodeBrain Model Synthesised MRIs and Its Code Representation

[28] Mentzer, et al. Finite scalar quan6za6on: VQ-VAE made simple. ICLR, 2024.
[26] Liu et al. One model to synthesize them all: mul6-contrast mul6-scale transformer for missing data imputa6on. TMI, 2023.
[49] Zhang et al. Unified mul6-modal image synthesis for missing modality imputa6on. TMI, 2024.
[10] Dorent et al. Unified cross-modal medical image synthesis with hierarchical mixture of product-of-experts. TPAMI, 2025.

A Unified Model for Imputing Any Missing Modality
Given one potential incomplete MRI set, the proposed
CodeBrain model can impute any missing modality and
achieve a virtual full-stack scanning in brain MRI.

Technical Design
CodeBrain operates in two stages: it first encodes each 
complete brain MRI set into FSQ [28] codes, and then 
learns to predict these codes from incomplete inputs.

Take-home Message
The complete brain MRI modality set can be represented
as region-level quantised codes, so that diverse "Any-to-
Any" imputation tasks can be transformed from pixel-
level synthesis into a unified latent code prediction.
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Figure 5. Exemplar code maps on the IXI (Top) and BraTS 2023 (Bottom) datasets. Using L = [8, 8, 8, 5, 5, 5], we visualize all codes
under the “PD→T1” and “T1, T2, FLAIR→T1Gd” scenarios, showing clustered distributions in the latent quantised space Q.

Table 3. Ablation studies of our CodeBrain on IXI. For recon-
struction (Rec.), we compare different training settings, including
models trained without and with Fc. For imputation (Imp.), we
further evaluate two prediction designs: classification-based (Cls.)
and our proposed grading-based scheme (Grad.). Here, we report
the mean performance across nine imputation scenarios.

Stages Settings PSNR (dB) → SSIM (%) → MAE (↑1000) ↓

Rec. w/o Fc 30.15 92.75 15.87
w/ Fc 34.32 95.94 10.65

Imp. w/ Cls. 29.24 92.83 18.00
w/ Grad. 29.50 93.05 17.57

Table 4. Comparisons of brain tumour segmentation across

four “3→1” scenarios on BraTS 2023. Results are shown for
zero imputation (1st row), synthesized imputation (2nd–5th rows),
and full-modality input (6th row). A 3D U-Net is trained for seg-
mentation, and the mean scores of 3D Dice (%, ↑) are reported for
the enhancing tumour, tumour core, and whole tumour.

T1 T2 FLAIR T1Gd mean

Zero Imputation 47.58 77.39 0.84 27.75 38.39

MMT [26] 86.07 87.08 85.90 57.25 79.08
Zhang et al. [49] 86.26 85.90 86.31 47.35 76.46
MMHVAE [10] 85.90 85.02 86.73 40.22 74.47
Our CodeBrain 86.10 86.23 86.47 61.44 80.06

Full Modalities 87.40

5. Conclusion

We have presented CodeBrain, a unified model for virtual
full-stack scanning of brain MRI. The key idea is to cast

the cross-modality translation task into two stages: learn-
ing compact codes and looking up these codes. First, each
complete brain MRI set is compressed to a quantised code
map using finite scalar quantisation. Second, CodeBrain
predicts the full-stack code map and concatenates it with
common features for the target synthesis. Extensive experi-
ments demonstrated its superior imputation performance.

Table 5. Ablation studies of different loss weights on IXI.
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Figure 6. Comparisons of different conditions on IXI. Com-
pared with using fixed binary conditions (1st column) and infinite
continuous conditions (4th column), the discrete codes (2nd and
3rd columns) achieve higher PSNR performance.
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Table 2. Comparison results on the IXI (Top) and BraTS 2023 (Bottom) datasets. Here, “O→O” and “M→O” indicate one-to-one and
many-to-one scenarios. Our CodeBrain surpasses all other methods of mean performance (Red and Blue indicate the top two methods).

Methods
Metrics PSNR (dB) → SSIM (%) → MAE (↑1000) ↓

mean O↔O M↔O mean O↔O M↔O mean O↔O M↔O

MMGAN [34] 27.64 26.76 29.41 90.84 89.71 93.10 21.39 23.31 17.55
MMT [26] 28.06 27.11 29.96 91.42 90.30 93.65 20.21 22.19 16.25
M2DN [27] 28.14 27.38 29.67 91.80 90.95 93.49 19.69 21.22 16.64

Zhang et al. [49] 29.00 28.08 30.85 92.63 91.63 94.62 18.40 20.10 15.00
MMHVAE [10] 28.11 27.23 29.88 91.20 90.15 93.29 20.14 21.96 16.51
Our CodeBrain 29.50 28.47 31.56 93.05 92.13 94.88 17.57 19.38 13.95

MMGAN [34] 24.28 23.76 24.68 89.11 88.22 89.78 23.72 25.15 22.65
MMT [26] 24.58 23.88 25.11 89.47 88.38 90.30 22.65 24.55 21.22
M2DN [27] 24.34 23.69 24.83 89.65 88.72 90.35 22.95 24.70 21.64

Zhang et al. [49] 25.01 24.31 25.54 89.98 89.00 90.72 21.53 23.31 20.20
MMHVAE [10] 24.29 23.66 24.76 88.83 87.88 89.54 23.63 25.46 22.25
Our CodeBrain 25.31 24.67 25.79 90.49 89.64 91.12 21.01 22.57 19.84
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Figure 4. Exemplar comparison results on the IXI (Top) and BraTS 2023 (Bottom) datasets. We show results between five public
models and our CodeBrain in the T2→PD (Top) and T1, T2, FLAIR→T1Gd (Bottom) scenarios, along with corresponding error maps.

rately predicts most of the corresponding codes and synthe-
sises high-quality brain MRI modalities on both datasets.
Selection of Conditions. Fig. 6 compares four different
condition designs. Compared with fixed binary conditions,
the proposed learnable region-level conditions achieve su-
perior PSNR performance for both reconstruction and im-
putation on IXI, indicating their ability to capture MRI
characteristics. However, when the condition space be-
comes overly complex (i.e., infinite continuous variables,
see the 4th column of Fig. 6), the imputation task becomes
substantially more difficult, leading to degraded perfor-

mance. In contrast, quantised code representations provide
a favourable balance between expressiveness and tractabil-
ity. Therefore, following [28], we set the quantisation level
to L = [8, 8, 8, 5, 5, 5], approximately corresponding to 216

potential scalar variables in FSQ [28].
Limitation and Future Work. Fig. 4 shows that despite
achieving the superior imputation performance, our model
may still be impacted by hallucination. Further improve-
ments could come from 3D modelling [15], and the in-
corporation of MRI physical theories [31], particularly for
contrast-enhanced modalities such as T1Gd.
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Virtual Full-stack Scanning of Brain MRI via Imputing Any Quantised Code
Yicheng Wu✉, Tao Song, Zhonghua Wu, Jin Ye, Zongyuan Ge, Wenjia Bai, Zhaolin Chen and Jianfei Cai

Email: y.wu2@imperial.ac.uk

Problem Definition and Our CodeBrain Model Synthesised MRIs and Its Code Representation

[28] Mentzer, et al. Finite scalar quan6za6on: VQ-VAE made simple. ICLR, 2024.
[26] Liu et al. One model to synthesize them all: mul6-contrast mul6-scale transformer for missing data imputa6on. TMI, 2023.
[49] Zhang et al. Unified mul6-modal image synthesis for missing modality imputa6on. TMI, 2024.
[10] Dorent et al. Unified cross-modal medical image synthesis with hierarchical mixture of product-of-experts. TPAMI, 2025.

A Unified Model for Imputing Any Missing Modality
Given one potential incomplete MRI set, the proposed
CodeBrain model can impute any missing modality and
achieve a virtual full-stack scanning in brain MRI.

Technical Design
CodeBrain operates in two stages: it first encodes each 
complete brain MRI set into FSQ [28] codes, and then 
learns to predict these codes from incomplete inputs.

Take-home Message
The complete brain MRI modality set can be represented
as region-level quantised codes, so that diverse "Any-to-
Any" imputation tasks can be transformed from pixel-
level synthesis into a unified latent code prediction.
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Table 1. Quantitative comparisons of CodeBrain in different imputation scenarios of brain MRI on IXI. The column scenario denotes
the available input modalities. Performance is shown as “Imputation (Reconstruction)”.

Scenarios T1 (Missing) T2 (Missing) PD (Missing)

T1 T2 PD PSNR (dB) → SSIM (%) → MAE (↑1000) ↓ PSNR (dB) → SSIM (%) → MAE (↑1000) ↓ PSNR (dB) → SSIM (%) → MAE (↑1000) ↓
↔

28.51 (35.45) 93.51 (97.36) 17.95 (8.52) 30.08 (33.09) 93.76 (95.12) 15.92 (12.00) N/A↔
28.08 (35.09) 93.20 (97.15) 19.04 (8.92) N/A 33.42 (36.87) 96.12 (97.29) 11.59 (8.00)↔

N/A 23.61 (27.82) 86.20 (91.23) 30.54 (19.93) 27.10 (31.83) 89.97 (94.32) 21.26 (12.84)
↔ ↔

N/A N/A 34.65 (38.17) 96.48 (97.65) 10.15 (7.02)↔ ↔
N/A 31.08 (34.16) 94.16 (95.48) 14.76 (10.97) N/A↔ ↔

28.95 (36.36) 94.01 (97.85) 16.93 (7.64) N/A N/A

mean 28.51 (35.64) 93.57 (97.45) 17.97 (8.36) 28.26 (31.69) 91.37 (93.94) 20.41 (14.30) 31.72 (35.63) 94.19 (96.42) 14.33 (9.29)

010 28.61 dB 001 28.87 dB 011 29.55 dB GT

100 23.21 dB 001 31.57 dB 101 32.77 dB GT

100 26.20 dB 010 34.84 dB 110 36.71 dB GT

T1

T2

PD

Figure 3. Exemplar synthesized brain MRI scans of CodeBrain on IXI. 1st and 3rd columns: O→O imputed results; 5th column:
M→O imputed results; 7th column: the original modality. Each synthesized scan is equipped with its corresponding error map on the
right. The three bits in an annotation “010” correspond to T1, T2, and PD, respectively, where “1” indicates that modality is available.

Table 3, incorporating Fc significantly enhances the recon-
struction performance by a 4.17 dB PSNR gain on IXI.
Effects of Grading. The grading loss (6) enforces the
smoothness characteristic of the quantised space Q. Table 3
(Bottom) shows that this design simplifies the code predic-
tion and improves the imputation performance on IXI.
Effects of Lpsnr. We follow the standard configuration of
our backbone [5] and adopt the PSNR loss for image re-
construction. Using the traditional L1 loss yields a PSNR
of 34.08 dB and an SSIM of 96.28%. In contrast, Lpsnr

improves the PSNR to 34.32 dB, albeit with a slight reduc-
tion in SSIM to 95.94%. Future work will investigate more
losses [38] to further enhance reconstruction quality.
Brain Tumour Segmentation. Following [23], we perform
brain tumour segmentation to show the added value of im-
putation, using a 3D U-Net model trained on BraTS 2023.
3D Dice scores are reported in Table 4 across four “3 ↗ 1”
imputation scenarios. The results reveal that: (1) Simply
imputing missing modalities with zero values leads to a sig-
nificant performance drop (see the 1st row). For example,
missing the FLAIR modality will lead to the failed segmen-

tation directly. (2) Leveraging synthesised modalities for
segmentation with CodeBrain outperforms other imputation
methods. Especially, our model works well in imputing
contrast-enhanced modalities i.e., T1Gd, without any par-
ticular design. (3) CodeBrain’s imputed modalities achieve
segmentation performance comparable to the upper bound,
i.e., training a segmentation model using all real brain MRI
modalities (see the 5th row vs. 6th row).
Selection of ωm and ωa. Similar to [26, 27, 49], we assign
different weights to reconstruct the available and masked
modalities of Minc. Table 5 shows that setting ωm and ωa

to 20 and 5 yields the best performance on IXI.
Quantised Codes. To visualize the distributions of quan-
tised codes in the code space, we further show code maps
of CodeBrain under the “PD↗T1” (Top) and “T1, T2,
FLAIR↗T1Gd” (Bottom) scenarios in Fig. 5. We can
see that, without any training regularisation, the code dis-
tributions exhibit clustering characteristics. These clus-
tered codes reflect coarse anatomical structures of the brain,
potentially bridging image synthesis and perception tasks
(e.g., brain segmentation [47]). Furthermore, Stage II accu-
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Result
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Result

Table 2. Comparison results on the IXI (Top) and BraTS 2023 (Bottom) datasets. Here, “O→O” and “M→O” indicate one-to-one and
many-to-one scenarios. Our CodeBrain surpasses all other methods of mean performance (Red and Blue indicate the top two methods).

Methods
Metrics PSNR (dB) → SSIM (%) → MAE (↑1000) ↓

mean O↔O M↔O mean O↔O M↔O mean O↔O M↔O

MMGAN [34] 27.64 26.76 29.41 90.84 89.71 93.10 21.39 23.31 17.55
MMT [26] 28.06 27.11 29.96 91.42 90.30 93.65 20.21 22.19 16.25
M2DN [27] 28.14 27.38 29.67 91.80 90.95 93.49 19.69 21.22 16.64

Zhang et al. [49] 29.00 28.08 30.85 92.63 91.63 94.62 18.40 20.10 15.00
MMHVAE [10] 28.11 27.23 29.88 91.20 90.15 93.29 20.14 21.96 16.51
Our CodeBrain 29.50 28.47 31.56 93.05 92.13 94.88 17.57 19.38 13.95

MMGAN [34] 24.28 23.76 24.68 89.11 88.22 89.78 23.72 25.15 22.65
MMT [26] 24.58 23.88 25.11 89.47 88.38 90.30 22.65 24.55 21.22
M2DN [27] 24.34 23.69 24.83 89.65 88.72 90.35 22.95 24.70 21.64

Zhang et al. [49] 25.01 24.31 25.54 89.98 89.00 90.72 21.53 23.31 20.20
MMHVAE [10] 24.29 23.66 24.76 88.83 87.88 89.54 23.63 25.46 22.25
Our CodeBrain 25.31 24.67 25.79 90.49 89.64 91.12 21.01 22.57 19.84
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Figure 4. Exemplar comparison results on the IXI (Top) and BraTS 2023 (Bottom) datasets. We show results between five public
models and our CodeBrain in the T2→PD (Top) and T1, T2, FLAIR→T1Gd (Bottom) scenarios, along with corresponding error maps.

rately predicts most of the corresponding codes and synthe-
sises high-quality brain MRI modalities on both datasets.
Selection of Conditions. Fig. 6 compares four different
condition designs. Compared with fixed binary conditions,
the proposed learnable region-level conditions achieve su-
perior PSNR performance for both reconstruction and im-
putation on IXI, indicating their ability to capture MRI
characteristics. However, when the condition space be-
comes overly complex (i.e., infinite continuous variables,
see the 4th column of Fig. 6), the imputation task becomes
substantially more difficult, leading to degraded perfor-

mance. In contrast, quantised code representations provide
a favourable balance between expressiveness and tractabil-
ity. Therefore, following [28], we set the quantisation level
to L = [8, 8, 8, 5, 5, 5], approximately corresponding to 216

potential scalar variables in FSQ [28].
Limitation and Future Work. Fig. 4 shows that despite
achieving the superior imputation performance, our model
may still be impacted by hallucination. Further improve-
ments could come from 3D modelling [15], and the in-
corporation of MRI physical theories [31], particularly for
contrast-enhanced modalities such as T1Gd.

7

Compared to other SOTA models,
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Figure 5. Exemplar code maps on the IXI (Top) and BraTS 2023 (Bottom) datasets. Using L = [8, 8, 8, 5, 5, 5], we visualize all codes
under the “PD→T1” and “T1, T2, FLAIR→T1Gd” scenarios, showing clustered distributions in the latent quantised space Q.

Table 3. Ablation studies of our CodeBrain on IXI. For recon-
struction (Rec.), we compare different training settings, including
models trained without and with Fc. For imputation (Imp.), we
further evaluate two prediction designs: classification-based (Cls.)
and our proposed grading-based scheme (Grad.). Here, we report
the mean performance across nine imputation scenarios.

Stages Settings PSNR (dB) → SSIM (%) → MAE (↑1000) ↓

Rec. w/o Fc 30.15 92.75 15.87
w/ Fc 34.32 95.94 10.65

Imp. w/ Cls. 29.24 92.83 18.00
w/ Grad. 29.50 93.05 17.57

Table 4. Comparisons of brain tumour segmentation across

four “3→1” scenarios on BraTS 2023. Results are shown for
zero imputation (1st row), synthesized imputation (2nd–5th rows),
and full-modality input (6th row). A 3D U-Net is trained for seg-
mentation, and the mean scores of 3D Dice (%, ↑) are reported for
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TwoKey components:

[1] Common features complement the
quantised information loss;

[2] The grading loss captures the code
clustering characteristics;
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models trained without and with Fc. For imputation (Imp.), we
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and full-modality input (6th row). A 3D U-Net is trained for seg-
mentation, and the mean scores of 3D Dice (%, ↑) are reported for
the enhancing tumour, tumour core, and whole tumour.
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Codebook size is a trade-off;

Downstream tumor segmentation:

[1] Missing FLAIR → failed segmentation;
[2] CodeBrain outperforms others;

[3] CodeBrain approaches the upper bound
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Conclusion

A Unified Model for Imputing Any Missing Modality

 Given one potential incomplete MRI set, the proposed CodeBrain model can impute any missing modality
and achieve a virtual full-stack scanning in brain MRI.

Technical Design

 CodeBrain operates in two stages: it first encodes each complete brain MRI set into quantised codes, and 
then learns to predict these codes from incomplete inputs.

Take-home Message

 The complete brain MRI modality set can be represented as region-level quantised codes, so that diverse 
"Any-to-Any" imputation tasks can be transformed from pixel-level synthesis into a unified latent code prediction.


