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Abstract. Diffusion bridges provide a principled way to connect paired
source and target images for medical image translation, but pixel-space
bridge trajectories may still entangle global contrast transport with lo-
cal texture synthesis. This makes frequency-specific modelling less ex-
plicit and can limit the interpretability of cross-contrast MRI transla-
tion. To address this issue, we propose Wavelet Residual Bridge (WRB),
a frequency-separated paired-translation framework in complex-wavelet
space. The proposed method first decomposes each image with a 3-
level dual-tree complex wavelet transform (DTCWT). Low-pass coef-
ficients are aligned by a deterministic monotone mapping to obtain a
structure-aligned initialization, while modality-specific high-frequency
residuals are sampled by Gaussian bridges at each DTCWT level in
learned compact texture subspaces. A Dirichlet constraint anchors non-
texture regions to the source image, and gradient-isolated multi-stage
training reduces shortcut learning while keeping the low-frequency map-
ping, wavelet-bridge, and image-refinement outputs inspectable. On BraT'S
2021, covering T1—T2, T1I-FLAIR, and T2—FLAIR translation, WRB
achieved the highest PSNR and SSIM among all baselines, including
27.7442.56 dB PSNR and 92.69+2.14% SSIM for T1—T2. On Gold At-
las, WRB also achieved the highest PSNR on both MRI-to-CT synthesis
tasks. Code is available at https://github.com/xia09672/RDBWS.git

Keywords: Medical Image Synthesis - Diffusion Bridge - Wavelets -
Cross-modality Image Translation

1 Introduction

Multi-contrast magnetic resonance imaging (MRI) provides complementary tis-
sue contrasts for brain-tumor management. Missing contrasts affect radiother-
apy planning and response assessment [18, 28], but acquiring all sequences in-
creases scan time and the risk of motion artifacts. Scanner and protocol dif-
ferences further lead to incomplete multi-contrast data [5,25]. These factors
motivate methods that synthesize missing contrasts (e.g. T2 from T1) for reg-
istration and downstream analysis, including patch-based and learning-based
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pipelines [8,9,12]. For cross-modality image translation, another related appli-
cation is MRI-to-CT synthesis for MRI-only radiotherapy planning [3,15,24].

Deep learning has seen progress in medical image synthesis. When aligned
image pairs are available, supervised methods such as pix2pix learn a mapping
with paired adversarial losses [11]. On the other hand, unpaired frameworks
such as CycleGAN relax the registration requirement through cycle-consistency
constraints [30]. However, adversarial training can suffer from mode collapse and
training instability, and may introduce hallucinated structures or contrast drift,
which is problematic when synthetic images are used for treatment planning.

Among these methods, diffusion models provide a non-adversarial alternative
with stable training and high sample quality [4,7,23]. Conditional diffusion has
been applied to both general image-to-image translation [20] and medical image
synthesis [13,17]. In cross-contrast synthesis, standard conditional diffusion uses
the source image only as a condition, so the learned reverse trajectory is not
explicitly tied to the paired target image. As a result, global contrast adjustment
and local detail generation may be learned within the same image-space process,
making frequency-specific modelling and interpretation less explicit.

Diffusion bridges couple source and target distributions by generating tra-
jectories between paired endpoints [21]. Recent bridge-based work has improved
medical image translation through self-consistent recursive diffusion bridges [1].
Nevertheless, pixel-space bridges still use a single trajectory schedule to model
both global contrast transport and fine-grained detail synthesis. This can limit
the learning of explicit controls for structure- and texture-related components.
Moreover, when wavelet representations are used to separate frequency bands,
inverse transforms can introduce artifacts near subband or anatomical bound-
aries. In this paper, we propose Wavelet Residual Bridge (WRB) for paired MRI
translation, with the following contributions.

(1) Interpretable structure—texture separation. Cross-contrast trans-
lation is decomposed into deterministic low-frequency structure mapping and
stochastic high-frequency texture synthesis in dual-tree complex wavelet trans-
form (DTCWT) space. The low-frequency mapping, wavelet-bridge, and image-
refinement stages produce inspectable intermediate outputs.

(2) Diffusion bridges in learned wavelet texture subspaces. Modality-
specific texture is represented as masked DTCWT high-frequency residuals, pro-
jected onto compact texture subspaces at each DTCWT level, and sampled by
Gaussian bridges.

(3) Gradient-isolated multi-stage training. The low-frequency mapper,
DTCWT-level bridge denoisers, and image-domain refiner are trained with sep-
arate optimizers and stop-gradient boundaries. The model is trained stage-wise,
learning iteratively from low-frequency structure alignment to high-frequency
residual synthesis. This reduces shortcut learning and keeps the contribution of
each component inspectable [6].
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Fig. 1. Framework of WRB. DTCWT decomposes images into low-pass (LL) and high-
pass subbands. Stage 1 learns a deterministic mapper to reconstruct """, while Stage
2 learns a constrained Gaussian bridge to synthesize masked high-frequency residuals
conditioned on x°""°*  and reconstructs the final output £ by inverse DTCWT.

2 Method

The proposed WRB addresses the frequency-coupling and boundary-artifact is-
sues discussed above by separating cross-contrast translation into frequency-
specific stages(Fig. 1). A DTCWT decomposes each image into low-pass (LL)
and high-pass subbands; a deterministic mapper aligns the LL coefficients to
produce z°%1* and per-level Gaussian bridges sample masked high-frequency
residuals in learned subspaces, yielding & after inverse DTCWT.

2.1 Wavelet Residual Formulation

Let (y,z) denote a paired training sample, where y € RCs*HXW 35 o source

image and x € RE*HxW ig the corresponding target image. The objective is
to learn p(z | y) and synthesize Z given y. Stochastic modeling is confined to
high-frequency residuals, while a deterministic low-frequency mapping is used to
obtain a structure-aligned initialization:

o xstruct + Oé?"hf, Thf — (xrccon _ xstruct) ® Mfg, (1)
where My, is a foreground mask obtained by thresholding a primary source
channel, with the background optionally clamped to the source at inference. The
blending coeflicient a follows a schedule during training and may additionally
be scaled by a residual weight.

DTCWT decomposition. Let W and W~ denote the forward and inverse
DTCWT. For u € REXH*W,

W(u) = (M (u), {h*(w) }izy),  Af(u) € RUZOHAT: (2)
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where each h’(u) contains the real and imaginary parts of six oriented complex
high-pass coeflicients, concatenated along the channel dimension. Let Dy = 12C
and D; = 12C;. The target-domain low-pass coefficients ¢“~ are predicted from
the source low-pass coefficients by a deterministic mapper g4, realized as either
a monotone spline OT map or a low-pass UNet:

éLL = 9¢ (CLL(y)7 Y, Mfg)a xstruct = W_l(éLL7 { dﬁtruct }ZLZI) ) (3)

where {d’, . } are the detail coefficients used to reconstruct 25"t either copied
from the source primary channel or set to zero according to the chosen detail
policy.

High-frequency residual target. A texture mask M/ is obtained by
l,n

tex denotes its replication to n channels.

eroding Mj, at each wavelet scale, and M
The residual to be modeled at level £ is

rf = (hf(x) _ hf(xstruct)) QMfaeft (4)

2.2 Normalized Texture Subspace Representation

Because wavelet high-pass magnitudes vary across datasets and scales, each 7¢
is normalized by a channel-wise running scale s € R”*, maintained as an EMA
of masked standard deviations, and projected into a low-rank texture subspace:

zg = (Uf)T(rf®se), rf@se ~ Uzzg, (5)

where U? € RP+*K¢ ig a learnable basis of rank K, < D, regularized toward
orthonormality via (U*) TU* ~ I. The projection is applied pointwise over spatial
locations.

The bridge is anchored at a source-derived endpoint in the same subspace.
Let y, denote the primary source channel used for structural anchoring. A source
residual anchor in the normalized wavelet space is defined as:

o= (W (yp) — (@™ Y) o s, 2L = (UYL (6)

The target residual z§ and the source residual anchor z% are thus connected by
the bridge. The condition ¢! is formed by concatenating the downsampled images
Pl(x5u) and P(y), the texture mask ML, and the high-pass coefficients
Rt (x®tuet) and hf(y) along the channel dimension.

2.3 Constrained Gaussian Bridge Diffusion and Reconstruction

For each level ¢, a Gaussian bridge marginal is defined at discrete step ¢t €
{0,1,...,T} with 7 = ¢/T"

q(zf | 26, 25) = N (203 pos 26+ pre 20, Bil), (7)

where f3; is the ‘marginal variance. A parabolic schedule is adopted: po; =
I—7, pre = 7, Bt = 02 7(1—7), so that both endpoints are deterministic, i.e.
Bo=pP1r=0, recovering the Brownian-bridge marginal.
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To enforce spatially localized synthesis, a hard Dirichlet constraint is imposed
at every step, anchoring the complement of the texture mask to the source
endpoint:

—0,K, =4 Ke

g Moz + (1= M) oz (8)
Coefficients outside the texture mask are thereby anchored to the source end-
point, ensuring consistent boundary conditions during both training and sam-
pling. The clean coordinate z§ is predicted from (zf,ct,t/T) by a level-specific
denoiser f5: 25 = f5([2f,c"],t/T). The timestep t is drawn from U{1,...,T},

and a masked L regression objective is minimized:
. —0,K
(Zg - Z(l;) © Mtexz
i

—
'C’bridge - Etﬁ

; (9)

M +e

tex

where € ~ N(0,1) is used to sample zf via Eq. (7), followed by the projection
in Eq. (8). At inference, sampling proceeds from z% to z§ over T DDIM-style
steps with =0 by default, though 7 € (0, 1] may be used to introduce stochas-
ticity [22]. The Dirichlet projection (Eq. (8)) is reapplied after each step.
Wavelet reconstruction. After sampling, residual coefficients are recon-
structed via synthesis in the learned subspace followed by de-normalization:

7q£ — SE ® (Ueié) , gprecon W_l(éLL, {hf(xstruct) + TAZ }521) ) (10)

The high-frequency residual rif = (grecon — gstruct) g Mg is then computed, and
% is obtained via Eq. (1).

Image refiner. We use a lightweight image refiner to absorb small pixel-
domain errors caused by the low-rank residual representation and inverse DTCWT
reconstruction. The refiner is a residual U-Net that takes [£,y] as input and pre-
dicts only a masked foreground correction. The sampled wavelet residuals are
injected through zero-initialized FiLM adapters, and the output head is also
zero-initialized so that the refiner starts as an identity mapping. To prevent the
refiner from becoming a second generator, & and {f“e}ﬁ:l are detached before
entering the refiner. The refiner is trained with a masked L; and SSIM loss on
the foreground region.

3 Experiments

3.1 Datasets and Implementation Details

We evaluated WRB on BraTS 2021 [2] and the Gold Atlas MRI-CT dataset [19].
For BraT$, 40 subjects were split at the case level into 25 training, 5 validation,
and 10 test subjects. We extracted 100 fixed-index 2D axial slices from each
subject and padded them to 256x256, yielding 2,500 training, 500 validation,
and 1,000 test 2D images for each modality. These image data were used for
three paired translation tasks: T1—-=FLAIR, T1—T2, and T2—FLAIR (Table 1).
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Table 1. Quantitative comparison on BraTS 2021. Best results are marked with *
and shown in bold. WRB uses T=10 steps per level (L=3). PSNR in dB, SSIM in
%, MAE in 102 units. Paired Wilcoxon signed-rank tests confirm that all *-marked
improvements are significant (p < 0.05).

Method PSNR (dB)t SSIM (%)t MAE (102)]
pix2pix [11] 23.154+2.07 82.73+£3.76  6.2342.35
E CycleGAN [30] 22.76+1.18 83.81+£2.45 5.31+1.73
SIBBDM [16] 23.2241.84 83.21+£4.47 6.91£1.20
= SelfRDB [1] 22.79+3.53 86.40+4.90 3.82+3.38"
= DDPM [7] 22.8842.24 83.87+£1.87 4.2842.74
WRB (ours) 24.41+3.16* 90.36+2.09* 4.65+2.19
pix2pix 24.594+1.74  90.14+2.64  4.83+1.07
~ CycleGAN 25.034+2.94  90.66£3.77  4.47+1.29
EBBDM 26.744+1.90  90.03+£2.89  3.8340.56
T SeliRDB 26.474+3.03  90.94+3.41  3.71+1.04
SpDPM 25.9742.09 90.24+3.41 4.53+1.95
WRB (ours)  27.74+2.56* 92.69+2.14* 3.38+1.43"
pix2pix 24.854+1.57 83.36+£3.11  4.20+1.07
E CycleGAN 27.084+3.42 87.59+£2.93 3.86+1.06
SBBDM 25.9242.00 83.51+£4.05 4.61+0.98
L’T*selfRDB 26.844+1.88  90.59+2.79  4.0540.59
2 DDPM 26.90+1.84 87.86+£2.85  3.93+0.71

WRB (ours) 27.51+1.00* 91.33+2.07* 2.51+1.59"

For Gold Atlas, 19 patients were split at the patient level into 11 training, 4
validation, and 4 test cases. After CT-to-MR registration and preprocessing, the
dataset contained 1,003 paired MRI-CT cross-sections, including 610 training,
195 validation, and 198 test paired images.

Implementation details. The framework was implemented in PyTorch
2.1.5 with CUDA 12.4 and trained on a single NVIDIA A800 GPU. Each BraTS
slice was normalized to [0, 1] and rescaled to [—1, 1] during training. All metrics
were computed within a foreground mask using a threshold of 0.5. We reported
PSNR [26] in dB, SSIM [27] in %, and MAE [29] in 10~2 units as meandstandard
deviation across test slices. MAE was computed within the foreground mask.

WRB used a 3-level DTCWT [14], a monotone spline map with K;=8 knots,
and wavelet-domain Gaussian bridges with subspace dimensions (K, K3, K3) =
(10, 8, 6). All components were optimized with Adam and cosine annealing, using
a batch size of 8 and early stopping based on validation PSNR within 100 epochs.
The image-domain refiner was a U-Net with 64 base channels and depth 4,
trained with EMA at a decay rate of 0.999 using ¢1, SSIM, gradient, and FFT
losses weighted by (A1, Assims Agrad, Aie) = (1.0, 0.5,0.5,0.1).
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Fig. 2. Qualitative comparison on BraTS 2021 for T1—T2, T1—FLAIR, and
T2—FLAIR. Columns show source, ground truth, WRB, SelfRDB, CycleGAN, BBDM,
DDPM, and pix2pix. Yellow boxes highlight regions of interest.

3.2 Main Results

As shown in Table 1, WRB achieved the highest PSNR and SSIM on all three
BraTs$ tasks. We compared WRB with pix2pix [11], CycleGAN [30], DDPM |7],
BBDM [16], and SelfRDB [1] using the same datasets and evaluation protocol.
The largest gains were observed on T1—-FLAIR, where WRB exceeded BBDM
by 1.19,dB in PSNR and SelfRDB by 3.96 percentage points in SSIM. WRB also
achieved the lowest MAE on T1—T2 and T2—FLAIR, while SelfRDB performed
best in MAE on T1—FLAIR.

Qualitative comparisons. Figure 2 presents visual comparisons for all
three BraTS tasks. On T1—T2, DDPM and pix2pix lost fine structure, whereas
WRB better preserved the lesion boundary. On T1—FLAIR, DDPM showed
weaker texture recovery, and BBDM over-smoothed the lesion interior, whereas
WRB retained the hyperintense rim more clearly. Table 2 reports MRI—CT re-
sults on Gold Atlas. On this dataset, WRB achieved the highest PSNR and the
lowest MAE on both T1—CT and T2—CT, although it did not obtain the best
SSIM in every translation direction.

We further conducted a preliminary BraTS segmentation experiment using
a pre-trained nnU-Net [10]. The standard BraT$S segmentation inputs were T1,
Tlce, FLAIR, and either WRB-generated T2 or ground-truth T2. Tlce was
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Table 2. Quantitative comparison for MRI—CT synthesis on Gold Atlas. Best results
are marked with * and shown in bold. WRB uses T=10 steps per level. MAE is reported
in 1072 units.

T1—-CT T2—CT
Method
PSNR?t SSIM1 MAE] PSNR?t SSIM1 MAE]

pix2pix 25.65+3.22 87.26+5.11 3.144+0.68 25.16+£3.08 87.331+2.09 3.56+1.88
CycleGAN  26.0842.87 91.004+2.35 3.20+1.06 26.884+1.96 90.184+2.03 2.971+0.64
BBDM 25.214£2.59 84.824+7.40 3.384+1.70 24.31£1.10 82.80+4.61 4.69+2.63
SelfRDB 26.554+2.13 92.29+6.32* 2.714+0.56 27.12+2.18 90.46+2.15 3.1342.51
DDPM 25.594+2.32 85.324+4.93 3.304+1.06 25.11£3.15 83.294+5.93 3.01+1.16

WRB(Ours) 26.994+1.64* 90.05+2.65 2.29+0.72* 27.32+1.62* 90.82+2.14* 2.53+0.64*

Table 3. Ablation study on BraTS 2021 (T1—T2). Each row removes or replaces one
component from the full model.

Variant PSNR (dB)t SSIM (%)t
(a) Pixel-space bridge (no wavelet factorization) 25.86 91.51
(b) Without subspace projection 24.99 88.83
(c) Without intensity map 24.78 87.14
(d) Without image refiner (bridge only) 27.42 92.29
(e) Without Dirichlet constraint 15.10 78.24

Full WRB 27.74" 92.69*

used only for the downstream segmentation experiment and was not used for
translation training. The WT/TC/ET Dice scores were 0.886,/0.857,/0.847 us-
ing WRB-generated T2 and 0.916/0.854/0.845 using ground-truth T2. These
results indicate that WRB-generated T2 images can provide useful downstream
information when ground-truth T2 is unavailable in clinical practice.

3.3 Ablation Study

We evaluated the contribution of WRB on BraTS T1—T2 (Table 3). Removing
the Dirichlet constraint (e) caused the largest performance degradation, reducing
PSNR from 27.74,dB to 15.10,dB and SSIM from 92.69% to 78.24%. This result
indicates that, without boundary anchoring, the bridge can assign large residuals
to zero-valued background regions, leading to unstable synthesis. Removing the
monotone intensity map (c) caused the largest stable drop, with PSNR and
SSIM decreasing to 24.78,dB and 87.14%, respectively. Removing the subspace
projection (b) also degraded performance, yielding 24.99,dB PSNR and 88.83%
SSIM. Replacing the wavelet formulation with a pixel-space bridge (a) resulted
in 25.86,dB PSNR and 91.51% SSIM. Removing the image-domain refiner (d)
had the smallest effect, reducing PSNR by 0.32,dB, which suggests that the main
performance gain comes from the wavelet residual bridge rather than the final
refinement module.
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4 Conclusion

In this paper, we proposed WRB (Wavelet Residual Bridge), which decomposes
cross-contrast MRI synthesis into deterministic low-frequency mapping, stochas-
tic wavelet-subspace bridges, and image-domain refinement. On BraTS 2021 and
Gold Atlas, WRB achieves the highest PSNR on all five translation tasks and
the highest SSIM on four of five. A limitation is that the current study focuses
on 2D slice-wise image translation using a central-slice protocol, with fixed ax-
ial slices [27,127) selected to cover tumor voxels in the BraTS subset. Although
the low-pass transport, high-frequency residual bridges, and DTCWT subspace
projection are not inherently limited to 2D, extending the method to volumet-
ric synthesis will require 3D DTCWT representations and 3D U-Net denoisers.
Future work will also evaluate cross-site generalization on multi-center datasets.

Disclosure of Interests. The authors have no competing interests to declare
that are relevant to the content of this article.
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