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Abstract. In this paper, we propose a Memory-Guided Random-Direction
Feature Disentanglement (MG-RDFD) framework for multi-phase CE-
MRI translation. Our method learns an interpretable and parameter-
efficient encoder-decoder model without resorting to multiple domain-
specific encoders or additional content discriminators. Given posteriors
from paired inputs encoded by a shared VAE encoder, MG-RDFD se-
lects a shared content anchor and phase-preferred style anchors along a
random 1D latent direction using density-based criteria, which explicitly
couples content and style within a unified latent geometry. We further
introduce a segmentation-guided style memory bank to retrieve region-
wise style prototypes and enhance organ/lesion fidelity. Experiments
on multi-phase CE-MRI demonstrate competitive translation quality
with favorable inference parameter efficiency, and the memory bank
reduces regional texture confusion. The implementation is available at
https://github.com/QianMuXiao/MG-RDFD.

Keywords: Multi-phase MRI Translation · Content-Style Disentangle-
ment · Segmentation-guided Memory Bank · Medical Image Synthesis

1 Introduction

Multi-phase contrast-enhanced MRI (CE-MRI) provides complementary anatom-
ical and hemodynamic cues that are valuable for diagnosis and treatment plan-
ning. In practice, acquiring a complete set of high-quality phases is often con-
strained by scan time and patient tolerance. It can also be limited by concerns
about repeated examinations and contrast-agent exposure. A pragmatic strat-
egy is to acquire only a subset of low-quality phases. A high-quality complete set
⋆ Corresponding author.

https://github.com/QianMuXiao/MG-RDFD


2 Q. Xiao et al.

Fig. 1. Content-Style Disentanglement Model Architecture: (a) Independent Encoder
and Content Discrimination Framework (b) Our Proposed Density-Driven Random
Direction Feature Disentanglement Framework

can then be recovered by combining medical image super-resolution [11,4] and
cross-phase translation [6,21,25] models.

Existing translation models largely fall into two paradigms. The first paradigm
performs end-to-end image mapping [9,7,28,3] with high-capacity generators. It
often achieves strong fidelity, but it remains a black-box transformation and
typically comes with a large inference footprint. More recently, diffusion-based
generative models [23,24] have shown impressive synthesis quality. However, their
training and sampling procedures can be computationally expensive. This makes
deployment and extensive experimentation non-trivial in many medical settings.

An alternative paradigm is content-style disentanglement [15,10,16,27,29].
It aims to separate structural content from appearance style to improve inter-
pretability and controllability. It can also be parameter-efficient at inference
time. However, many disentanglement-based translators rely on multiple en-
coders and additional discriminators to enforce content invariance and style sep-
aration (Fig. 1(a)). More importantly, content and style are often extracted as
two parallel variables. There is usually no explicit mechanism that couples them
within a unified latent geometry. As a result, their relationship is implicitly
learned and may be under-constrained for medical translation where structure
fidelity is critical.

To address these limitations, we propose a memory-guided random-direction
feature disentanglement framework (MG-RDFD) (Fig. 2). Instead of introduc-
ing multiple encoders, we design a shared VAE [13] encoder to map paired
multi-phase slices into two latent Gaussian distributions. We further regularize
these distributions toward a symmetric structure via Flip Distribution Alignment
(FDA) [14]. We then construct a random one-dimensional subspace induced by
the two distributions. On this subspace, we select a content point and two style
points using density-based criteria. The content point maximizes the product
of the two densities, while the style points maximize the density discrepancy
(Fig. 1(b)). This procedure determines content and style within the same latent
geometry. It provides an explicit coupling between shared factors and domain-
specific factors for translation. Furthermore, to enhance region-specific appear-
ance modeling, we incorporate a segmentation-guided style memory bank [20].
The memory aggregates and retrieves style cues for organs and lesions. Extensive
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Fig. 2. Main framework of Memory-Guided Random-Direction Feature Disentangle-
ment Model.

experiments on multi-phase abdominal MRI translation demonstrate that our
method improves synthesis quality and achieves favorable parameter efficiency
compared to representative end-to-end and disentanglement-based baselines.

2 Method

Random Direction Feature Disentanglement (RDFD). Given two normal
distributions qA = N (µA, (σA)

2) and qB = N (µB , (σB)
2), we sample sA ∼ qA

and sB ∼ qB and define a random line x(t) = sA + t(sB − sA). RDFD is applied
independently at each spatial location (h,w) by treating channels as feature di-
mensions; this yields a per-pixel scalar field t ∈ R1×H×W and keeps content/style
codes spatially aligned for decoding and region-level retrieval. Fig. 3 visualizes
RDFD on 2D distributions: the density-overlap maximizer lies in the shared
region (content), whereas extrema of density discrepancy move toward domain-
preferred regions (styles) across different shifts.

We define the content feature as the point on the line with maximum joint
density:

zc = x(tc), tc = argmax
t

pA(x(t)) pB(x(t)). (1)

For diagonal Gaussians, maximizing log pA(x(t)) + log pB(x(t)) is equivalent to
minimizing a per-pixel quadratic at2 + bt, giving the closed-form optimum tc =
− b

2a . Let v = sB − sA and define wA,c = 1
(σA,c)2+ϵ , wB,c = 1

(σB,c)2+ϵ . The
per-pixel coefficients (reduced over channels) are:

a =
∑

c
(wA,c+wB,c) v

2
c , b = 2

∑
c

[
wA,c vc (sA,c−µA,c)+wB,c vc (sA,c−µB,c)

]
.

(2)
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Fig. 3. Visualization of random-direction feature disentanglement under different dis-
tribution shifts.

To capture domain preference, we select two style feature points on the same
line via density discrepancy. Since Gaussian tails may yield degenerate optima
in preference search, we search extrema of ∆(t) = pA(x(t))− pB(x(t)) within a
bounded interval:

zs,A = x(tA), tA = arg max
t∈[−T,T ]

∆(t), zs,B = x(tB), tB = arg min
t∈[−T,T ]

∆(t).

(3)
The range is set by directional uncertainty: let v̂ = v

∥v∥ and set search half-range

T = κmax(stdA(v̂), stdB(v̂)), where stdA(v̂) =
√∑

c v̂
2
cσ

2
A,c (and similarly for

B). In practice, we discretize [−T, T ] into G grid points {tg}, compute ∆g =
∆(tg), and estimate tA, tB using differentiable soft-argmax/soft-argmin:

tA =
∑
g

π+
g tg, π

+
g =

exp(∆g/τ)∑
j exp(∆j/τ)

, tB =
∑
g

π−
g tg, π

−
g =

exp(−∆g/τ)∑
j exp(−∆j/τ)

.

(4)
Finally, we assign the two candidates by comparing their log-likelihoods under
qA (equivalently qB): the one with larger log pA(candidate) is taken as zs,A, and
the other as zs,B ; the selected codes are passed through lightweight projection
heads (1×1 conv + GN + SiLU) to match channel dimensions for the decoders
and the memory bank. We set κ = 3.0, G = 2049, τ = 0.15, and ϵ = 10−8.

Segmentation-Guided Memory Bank. To enhance local appearance consis-
tency in cross-phase synthesis, we introduce a segmentation-guided style memory
bank[27,17]. It organizes RDFD representations into region-level style prototypes
and retrieves dense style maps for subsequent decoding. By modeling appearance
variation in a region-prototype manner, the memory stabilizes local texture and
contrast changes during translation.

We represent the semantic partition by K=16 mutually exclusive one-hot
region masks {mk}Kk=1 (7 organs, 7 lesions, abdomen, border), where each pixel
activates exactly one mask. For each region k, we maintain Mk prototype slots
with content keys and domain-specific style values:

M =
{(

Kk,V
A
k ,V

B
k

)}K

k=1
, Kk ∈ RMk×dc , V

A/B
k ∈ RMk×ds . (5)

As shown in Fig. 4, given a content feature map C ∈ RB×dc×H×W , for
region-k pixels Ωk = {i |mk(i) = 1}, we query region keys with the content
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Fig. 4. Memory bank update and read for one semantic class (e.g., liver). We use the
content feature as query to produce slot assignment, update slots via top-1 routing
with confidence weights, and read style prototypes via soft retrieval.

vector qi = C(i) and read style prototypes:

pi,j = softmaxj
(
q⊤i Kk,j

)
, ŝ

A/B
i =

Mk∑
j=1

pi,jV
A/B
k,j . (6)

Scattering ŝA and ŝB back to spatial locations yields dense style maps ŜA, ŜB ∈
RB×ds×H×W . We assign slots by j∗(i) = argmaxj pi,j , compute slot-wise weighted
means k̃k,j , ṽ

A/B
k,j (using pi,j), and apply momentum updates:

Kk,j ← normalize
(
(1− µ)Kk,j + µ k̃k,j

)
, V

A/B
k,j ← (1−µ)VA/B

k,j +µLN
(
ṽ
A/B
k,j

)
.

(7)
To prevent prototype collapse and encourage consistent assignment, we apply
cross-entropy on key/value retrieval logits using j∗(i) as the pseudo label, where
sDi denotes the projected RDFD style features at pixel i for D ∈ {A,B}:

Lreg = λk CE
(
{q⊤i Kk,j}j , j∗(i)

)
+ λv

∑
D∈{A,B}

CE
(
{sDi ⊤VD

k,j}j , j∗(i)
)
. (8)

Regional supervision alone may not sufficiently separate prototypes across dif-
ferent regions in the global space. We therefore concatenate all region keys
into a global dictionary Kall = concat(K1, . . . ,KK) ∈ RMtot×dc , where Mtot =∑K

k=1 Mk, map the regional assignment j∗(i) to a global label g∗(i) ∈ {1, . . . ,Mtot}
via region offsets, and impose an additional global cross-entropy:

Lglob = λg CE
(
{q⊤i Kall,g}Mtot

g=1 , g∗(i)
)
. (9)

The final memory loss is Lmem = Lreg + Lglob.

Training & Inference Pipeline. Each iteration takes a registered paired sam-
ple (xA, xB). The shared encoder produces two diagonal Gaussian posteriors
qA(z|xA) and qB(z|xB). We jointly optimize (i) direct reconstruction, (ii) disen-
tangled reconstruction, and (iii) paired cross-domain translation.
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We first sample zA ∼ qA and zB ∼ qB , and reconstruct x̂A = GA(zA) and
x̂B = GB(zB) with a pixel-wise reconstruction loss. We then apply RDFD on
the same pair of posteriors to obtain a shared content code zc and domain-
specific style features at each spatial location; the style features are enhanced
by the memory bank to yield dense style maps S̃A, S̃B . Decoding (zc, S̃

A) and
(zc, S̃

B) produces disentangled reconstructions x̂cs
A and x̂cs

B , enforcing that RDFD
codes can faithfully reconstruct the inputs. We use a single decoder with two
modes: in the direct pathway it performs pure decoding (style = ∅), while in
the disentangled pathway we inject the memory-enhanced style map as multi-
layer additive residual modulation before each ResBlock (with the style branch
upsampled synchronously).

To enable single-input inference, we exploit the symmetric latent structure
encouraged by FDA: we construct a mirrored pseudo-target posterior by flipping
the mean while keeping the variance unchanged. For A→ B, given xA we obtain
qA, build q̃B , and run RDFD on (qA, q̃B) to obtain the content code and a target-
domain style code; target styles are enhanced by the memory bank and decoded
to generate x̂A→B . The B → A path is defined symmetrically. During training,
besides paired reconstruction, we further apply a PatchGAN [9,8] adversarial
loss and a perceptual loss [12] on the translated outputs to improve realism and
visual quality. We minimize the following weighted objective:

L = λrec−sampLrec−samp + λrec−csLrec−cs + λtransLtrans + λganLgan

+ λperLper + λklLkl + λfdaLfda + λmemLmem.
(10)

Lrec−samp and Lrec−cs supervise direct and disentangled reconstructions, Ltrans

supervises cross-phase translation, Lgan and Lper correspond to PatchGAN ad-
versarial and perceptual supervision, Lkl and Lfda regularize the posteriors and
enforce symmetry, and Lmem denotes memory-bank related constraints. We set
λtrans = 1, λmem = 0.1, λkl = 10−7, and all others to 0.01.

3 Experiments

3.1 Experimental Setup

Dataset & preprocessing. We use the LLD-MMRI 2023 dataset [18] and
build three cross-phase translation tasks among Pre, CA, and CV phases. To
ensure spatial consistency, Pre and CA are registered to CV using ANTsPy [2].
The dataset provides annotations for seven liver-lesion types; in addition, we
run TotalSegmentator MRI [1] model on the CV volumes to obtain multi-organ
masks and keep liver, lungs, kidneys, spleen, stomach, heart, and spine as major
regions, while merging the remaining in-body area into an abdomen category.
Before slice extraction, we performed a lesion-stratified patient-level split. Since
each patient is associated with one lesion category, patients were stratified by
lesion type and divided into training/validation cohorts at a 4:1 ratio to preserve
category proportions. After extracting and resizing 2D paired slices to 256×256,
we obtained approximately 32k paired slices for model training and validation.



Memory Guided Random-Direction Feature Disentanglement Model 7

Table 1. Overview of quantitative results on three translation tasks. Full-image cells
report PSNR/SSIM. ROI cells report the average (over three tasks) pixel-weighted
PSNR/MAE on liver and lesion masks. Inference params are in millions (M).

Model Params
(M)

Full Slices
PSNR(dB)/SSIM(%)

Liver Avg
PSNR(dB)

/MAE

Lesion Avg
PSNR(dB)

/MAEPre→CA Pre→CV CA→CV

Pix2Pix[9] 51.89 23.65/70.81 22.80/71.75 23.94/73.49 19.93/0.077 16.83/0.112
PTNet[28] 26.83 24.07/76.69 23.44/75.08 24.66/78.46 20.54/0.070 17.36/0.103
TransUnet[5] 100.45 24.78/78.25 24.16/76.25 25.51/79.65 21.24/0.064 17.87/0.098
ResVit[7] 117.72 25.04/78.01 24.25/73.27 25.37/76.39 21.04/0.064 17.59/0.101

DRIT++[15] 11.81 25.24/80.11 23.47/76.96 25.18/80.16 21.70/0.060 16.93/0.111
MGUIT[10] 16.27 23.15/77.31 22.92/76.52 24.79/ 80.25 20.17/0.072 17.17/0.106

FDA_VAE[14] 11.78 25.15/80.40 24.17/ 77.35 25.65/80.19 21.14/0.064 17.51/0.102
RDFD-only 13.06 24.85/78.59 24.28 /77.27 25.79 /79.84 21.14/0.064 17.81/0.100
MG-RDFD 13.15 25.36/79.99 24.63/77.36 25.98/80.87 21.40/0.062 18.09/0.096

Evaluation metrics. We evaluate full-slice quality using PSNR and SSIM [26].
We further compute average ROI PSNR and MAE on valid pixels within the
liver and lesion regions in three tasks. We also calculate the minimum set of
parameters activated for cross-phase inference.
Training details. The maximum number of training epochs for all models is
200. We use Adam optimizer with a learning rate of 1 × 10−4 on 4×RTX 5090
GPUs, the batch size is set to 24.

3.2 Ablation Studies

We build our method upon the FDA-VAE[14] backbone[22,19], where a shared
encoder maps paired images into two symmetric latent distributions. This struc-
tured latent space is the foundation that makes our subsequent disentanglement
feasible. On top of it, we introduce RDFD to decouple reliable content and style
anchors from the two distributions, leading to an independently runnable vari-
ant (RDFD-only, Tab.1), where the reconstruction style and the target style
for single-domain inference are both obtained by RDFD. Finally, we integrate
the segmentation-guided style memory bank, and enforce that all style features
are retrieved from the memory for style injection, yielding the full model (MG-
RDFD, Tab.1). Compared with FDA-VAE, RDFD-only yields gains on lesion
ROI fidelity and improves PSNR on two tasks, while its Pre→CA SSIM drop
may partly stem from residual inter-phase misregistration that penalizes pixel-
wise structural scores. After integrating the memory bank, MG-RDFD becomes
consistently stronger on both full-slice and ROI metrics, suggesting that memory-
based style retrieval effectively compensates local texture inconsistencies and
stabilizes translation.
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Fig. 5. Visualization of translation results, error maps and RDFD content anchors on
a challenging lesion slice.

3.3 Comparisons with State-of-the-Art Methods

Quantitative Analysis. We compare our method with representative super-
vised end-to-end Unet-liked baselines (Pix2Pix[9], PTNet [28], TransUNet[5] and
ResViT[7]) and disentanglement models (DRIT++[15] and MGUIT[10]). Note
that DRIT++ and MGUIT were originally designed for unpaired translation;
to adapt them to our paired CE-MRI setting, we train them with paired inputs
data and adding a cross-phase pixels ℓ1 loss and removing random synthesis
branches. As shown in Tab.1, our full model (MG-RDFD) achieves a favor-
able quality-efficiency trade-off under a lightweight inference pipeline, delivering
strong full-slice fidelity across tasks while improving liver/lesion ROI metrics.
Overall, the results support our goal of training an interpretable, single-pass
encoder-decoder model with competitive translation performance.
Qualitative Analysis. Fig. 5 presents a challenging liver lesion slice for quali-
tative evaluation. Compared with competing methods, our synthesis better pre-
serves global intensity patterns and reduces local errors within clinically relevant
regions, as reflected by the error maps. In addition, the lower panel visualizes the
intermediate content anchor decoded from the RDFD-only pipeline: even without
explicit supervision on this intermediate decoding, it captures the main anatomy
and contrast layout shared across phases. After injecting the corresponding style
representation, the decoder recovers phase-specific details, illustrating the inter-
pretability of our anchor-based disentanglement.
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4 Conclusion

In this paper, we propose a content-style disentanglement framework for multi-
phase MRI translation. A shared encoder maps images from different phases into
a symmetric latent space, where we introduce RDFD, a density-driven random-
direction anchoring mechanism to identify reliable content and style points for
translation. Unlike prior pipelines that rely on separate encoders and content
discriminators, our method performs interpretable anchoring and style injection
within a unified latent space. We further incorporate a segmentation-guided style
memory bank to enhance region-level texture consistency and improve synthe-
sis quality. Experiments demonstrate a favorable trade-off between multi-metric
translation fidelity and inference parameter efficiency.
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