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Abstract. Optical coherence tomography (OCT) and its derived cor-
relation stability (CS) maps provide high-resolution structural imaging
and elastography information at the micrometer scale, which are critical
for the rapid and accurate detection of malignant biliary strictures. How-
ever, acquiring intraoperative CS maps remains challenging due to the
need for complex mechanical compression and the high costs associated
with hardware modifications in conventional OCT systems. Moreover,
existing deep learning methods for OCT-to-CS map translation often
lack long-range modeling capability for recovering subtle deformation
features and are limited in modeling the relative importance of different
frequency components, which is essential for localizing high-frequency
stiffness details. To address these limitations, we propose FA-Diff, a
novel RWKV-based frequency-aware diffusion framework for elastog-
raphy mapping. FA-Diff integrates a frequency-aware multi-granularity
shift (FG-Shift) module and a frequency-adaptive sub-band normaliza-
tion (FASN) mechanism to enhance elasticity-aware representation learn-
ing. Specifically, FG-Shift is incorporated into the RWKYV architecture as
a spatial-frequency adaptive scanning strategy to improve the modeling
of vertical stiffness textures and enable effective global coarse-to-fine con-
textual aggregation. Meanwhile, FASN dynamically adjusts normaliza-
tion parameters using inter-stage states to adaptively modulate wavelet
sub-band coefficients. Comprehensive experiments on the clinical cholan-
giocarcinoma dataset demonstrate that FA-Diff consistently outperforms
state-of-the-art CNN, Transformer, Mamba, and RWKV-based baselines,
achieving superior reconstruction accuracy and perceptual quality.
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1 Introduction

Optical coherence tomography (OCT) offers micrometer-scale structural imag-
ing in distinguishing malignant biliary strictures. However, OCT B-scans alone
exhibit limited sensitivity for malignancy detection [12]. Given the elevated stiff-
ness of cholangiocarcinoma (CCA), quantitative elastography has demonstrated
effectiveness in delineating malignant margins [14]. Following Zaitsev et al. [21],
we adopt the correlation-stability (CS) map to characterize tissue biomechanical
properties.

Despite its effectiveness, intraoperative acquisition of CS maps from OCT
remains challenging. Accurate stiffness estimation typically requires localized
mechanical compression, which is time-consuming and disruptive to surgical
workflows [22]. Recent advances in deep learning-based medical image transla-
tion provide a promising alternative for virtual generation of quantitative tissue
properties [23, 20,24, 13,7, 2]. While several studies estimate elastic wave veloc-
ity from phase-resolved OCT data, they do not operate directly on structural
OCT B-scans [13,23]. In contrast, we formulate OCT elastography as an image
translation problem, enabling direct synthesis of CS maps from paired OCT-CS
map supervision without additional hardware.

From an architectural perspective, existing CNN, Transformer and diffusion
models tend to overemphasize low-frequency structural information, limiting
their ability to model continuous fine-grained deformation patterns critical for
elasticity modeling [10, 8, 1, 16]. Some works [24, 2] incorporate frequency-aware
mechanisms to enhance localized high-frequency deformation details; however,
they remain limited in capturing global structural context, which is essential for
elasticity-related image translation. Although recent sequence models such as
Mamba offer efficient global modeling capabilities, their reliance on sequence flat-
tening disrupts inherent two-dimensional spatial dependencies [16]. In contrast,
Receptance Weighted Key Value (RWKYV) models provide stronger global con-
textual modeling while better preserving local spatial continuity, making them
well suited for medical image translation [10, 8, 1].

Motivated by these observations, we propose the Frequency-Aware RWKV
Diffusion (FA-Diff) for OCT-to-CS map translation. FA-Diff explicitly inte-
grates frequency-domain guidance into diffusion-based RWKV modeling to en-
hance elasticity-aware representation learning. A wavelet-guided stiffness inter-
action (WSI) module is introduced to facilitate effective fusion of low- and high-
frequency information during the diffusion process. In addition, we design a
frequency-aware multi-granularity shift (FG-Shift) to mimic tissue compression
patterns and strengthen RWKV modeling of elastic geometric structures. We
incorporate frequency-adaptive sub-band normalization (FASN), enabling adap-
tive modulation and fusion of wavelet sub-bands.

The main contributions of this work are as follows: (1) We propose FA-Diff,
a frequency-aware RWKV-based diffusion framework for OCT-to-CS map trans-
lation. To the best of our knowledge, this is the first exploration of RWKV
architectures for virtual OCT-based elasticity generation. (2) Extensive evalu-
ation on a clinical CCA dataset demonstrates superior qualitative and quanti-
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Fig. 1. Overview of the FA-Diff architecture. (a) U-Net based framework with WSI
blocks in both encoder and decoder, and FASN modules for cross-level feature connec-
tion. (b) RWKV-style spatial and channel mixing within the WSI block.

tative performance, achieving 22% LPIPS improvement with 24% reduction in
complexity.

2 Methods

An overview of FA-Diff is illustrated in Fig. 1. FA-Diff adopts an encoder-
decoder architecture composed of multiple WSI blocks and residual blocks. Each
WHSI block incorporates the proposed FG-Shift, which integrates multi-level dis-
crete wavelet transform (DWT) [2] with novel scanning scheme to enable adap-
tive coarse-to-fine interactions across spatial and frequency domains. In addi-
tion, FASN dynamically aggregates multi-stage features from all encoder levels,
thereby enhancing tissue contrast and improving feature representation in the
decoder.

First, the input projection applies down-sampling convolution and latent-
space transformation to reduce computational cost. Given a paired B-scan and
CS image inputs I;y, I, € RTXWXC where H x W indicates spatial resolu-
tion and C is the feature channel. First, the input convolution applies a 3 x 3
convolution followed by SiLU, and then a 3 x 3 convolution with stride 2 for
down-sampling. Meanwhile, the inputs are passed through a pre-trained VQ-
GAN [4] encoder to obtain latent embeddings z,yo.

We perturb the latent residuals with Gaussian noise according to the diffusion
timestep t, following [20]. Concretely, the diffusion process can be described as:

q(ze|me—1,90) = N (23201 + a(yo — o), K I), t =1,..., T (1)

where «; is predefined according to noise schedule [20], & is the hyper-parameter
controlling the noise variance, and I is the identity matrix. While the output
projection symmetrically reconstructs the output via convolutional layers and
a VQGAN decoder. Here, we directly use the denoising diffusion probabilistic
model (DDPM) residual block with time embedding in Fig.1 for residual diffusion
[20].
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2.1 Wavelet-Guided Stiffness Interaction (WSI)

1) Spatial Mix and Channel Mix: Inspired by RWKV-based models [§], the
WHSI block consists of a residual block followed by spatial and channel mixing
modules (Fig.1). The residual output X, is flattened into token sequences and
fed into LayerNorm (LN) to produce X; € RT*¢ with T = H x W, enabling
spatial mixing and channel mixing to model long-range dependencies.

Specifically, the linear projections Wg, Wx and Wy, produce receptance Ry =
FG(Xf)Wr, key K, = FG(X;)Wk, and value V;, = FG(X )Wy, respectively.
The FG-Shift operation F'G(-) is applied in both the spatial mixing and channel
mixing processes. The final output can be expressed as:

O = (¢(Rs) 'ka(Ksa V:e))Wo§ 0. = (¢(Rc) ' ‘/C)WO (2)

R.=FG(X ) Wg, K. = FG(X. )Wk, V. = v(K)W,, X. =LN(O; + X,-) (3)

where, wkv(+) is the bidirectional attention mechanism (Bi-WKYV) [10], ¢(-) is
the Sigmoid and W, is the linear projection layer. The resulting features, with
a residual connection, are then processed by channel mixing. v(-) denotes the
squared ReLU, W, and W, are the linear projection layers. Os and O, are the
outputs of spatial mixing and channel mixing, respectively.
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Fig. 2. Illustration of FG-Shift. Inputs are hierarchically partitioned into bi-level win-
dow quadrants from coarse to fine via the wavelet guidance.

2) Frequency-aware multi-granularity shift (FG-Shift): Inspired by
the granularity-aware scanning strategy [8, 10|, the input Xj;,, is partitioned into
coarse sub-windows (N = 4) and fine sub-windows (N2 = 16) to capture spatial
locality from coarse to fine. Specifically, a coarse partition is first applied to
the DWT components Zge = {X'), xW xW xW x{-D x4 with |
levels, which are generated by multi-level DWT decomposition [2]. Subsequently,
the SST module is employed to quantify the richness of fine-grained features. The
partitioning process is formulated as:

{si,1i =0,1,2,3} = SST (Partition(Za.|Z4,)) , (4)
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{Z](Vlcz,j)u =0,1,2, 3} = Partition(Z};, ) (5)

where, Z}'\,1 and Z 3\72 denote coarse- and fine-scale sub-windows, respectively. The
TopK algorithm is applied to s}‘\,1 to select the quadrant with the highest energy,
where K = 1. The selected coarse sub-window Z}, is then further divided to

obtain fine-grained sub-windows ZJ(\g’j ), Then, we use Gumbel-Softmax along

with upsampling 1 (-) to construct the sequence mask F,,qsk:
Ermask =1 (Gumbel — Softmax({sy, |i = 0,1,2,3})) (6)

Element-wise multiplication with FE,, ., is then applied for index selection.
The quad-directional token shift scanning [3]| is applied once to the coarse se-
quences and twice to the fine sequences for coarse to fine scanning. Finally, the
aggregated fine-grained partitioning result is obtained via the reverse transfor-
mation [10].

The angular-aware sparse selective interaction (SSI) is designed to mimic the
axial compression process and guide elasticity reconstruction, as shown in Fig.2.
SSI computes frequency importance by aggregating low- and high-frequency en-
ergy responses across multiple pyramid levels. At each level, channel-wise fre-
quency energy is extracted and up-sampled to a common spatial resolution, and
then combined with vertical angular responses. The SSI output Oy, € RFT*XWxC1
is defined as:

l
E(X) =3 Softmax(t (3_(XV))), (7)

O, = E(XLL)[l + tanh(E(XLH + Xy + XHH) sin(7r/2) * Sy)} (8)

where * denotes the convolution, s, is the Sobel operator used to enhance vertical
angular responses, F(-) represents the energy mapping over C' channels and [
DWT levels. X1, Xpg, Xy and Xgg denote the unions of all decomposition

levels {ng}, {Xg}{}, {X}(L})L} and {Xg)H}7 respectively.

2.2 Frequency-Adaptive Sub-band Normalization (FASN)

FASN is proposed to dynamically modulate wavelet sub-bands via inter-stage
states, thereby preserving fine-grained elasticity textures. Given the encoder out-
put M; € RHEXWixCi gt stage t € 1,2, 3, we first decompose M, into four wavelet
sub-bands {X k}%zl using DWT. For each sub-band X}, global average pooling
(GAP) is applied to extract a one-dimensional vector, which is then zero-padded
to match the maximum channel dimension for dimensionality matching. The re-
sulting vectors are stacked along the state dimension and fed into a multi-layer
perceptron (MLP) with a tanh activation function, which is employed to yield
the modulation descriptor X ,iD .

We further introduce a variance-based modulation mechanism guided by fre-
quency statistics to jointly model low- and high-frequency responses. For each
sub-band, the modulation is defined as:
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X = X’“U_ £ (1 + tanh (MLP(X}P))) + 8 (9)

where, © and o denote the mean and standard deviation of input feature Xj
respectively, and /3 is a learnable shift parameter. Finally, the inverse DWT is
adopted to {X}}1_, to reconstruct the features in the spatial domain.

3 Experiments

1) Clinical Dataset: The utilized OCT system with compression configura-
tion [21, 6] incorporates a swept light source (SL131090, Thorlabs) paired with
an interferometer (INT-MSI-1300B, Thorlabs). The imaging is accomplished by
raster scanning the OCT beam across the sample using an objective lens with
galvanometers (GVS002, Thorlabs). Using this system, we constructed a clinical
dataset consisting of 10,834 paired OCT B-scans and CS maps acquired from 23
patients, with a spatial resolution of 512 x 512.

2) Implementation Details: FA-Diff was implemented using PyTorch and
trained on an NVIDIA RTX 8000 GPU. We employed the Adam optimizer with
a batch size of 64 and a crop size of 256 x 256. The model was trained for 50
epochs with an initial learning rate of 0.001. For the diffusion process, the num-
ber of sampling steps was set to T' = 4 [20]. Optimization was performed using
the composite loss function described in [8].

3) Experimental Setup: We evaluated model performance using widely adopted
image quality assessment metrics, including PSNR, SSIM, LPIPS, and MS-SSIM
[8,17]. The average results from the 5-fold cross-validation are presented below.
Data were split at the patient level; each fold included distinct patients during
experiments. FA-Diff was compared with representative image translation meth-
ods, including BCI [11] , Li et al. [9], Yao et al. [19], and Ho et al. [5], as well
as diffusion-based approaches such as WF-Diff [24] and ResShift [20]. In addi-
tion, the Mamba-based method WalMaFa [16] and RWKV-based models [18, §]
were included for comparison. As no existing methods are directly designed for
OCT-to-CS map translation, we adapted all comparison models by modifying
their input and output convolution accordingly.

3.1 Experiment Results

The quantitative comparison results presented in Table 1 demonstrate the su-
perior performance of our method. FA-Diff consistently achieves the best results
across all evaluation metrics, outperforming CNN, Transformer, Mamba, diffu-
sion, and RWKV-based approaches in terms of PSNR, SSIM, MS-SSIM, and
LPIPS under 5-fold cross-validation.

In particular, the notable improvements in SSIM and LPIPS indicate the
model’s enhanced capability to preserve structural contrast while effectively sup-
pressing reconstruction artifacts, highlighting the effectiveness of the proposed
FG-Shift and FASN modules. FS-RWKYV achieves the second-best SSIM score,
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Table 1. Quantitative comparison on the dataset. The highest scores are highlighted
in bold. Suboptimal results are highlighted in underline.

Models SSIM 1+ MSSSIM{+ PSNR+  LPIPS| FLOPs Params
BCI [11] 0.853 £ 0.04 0.857 £+ 0.04 23.84 £ 2.45 0.173 % 0.03 224.99G' 73.30M
Lietal. [9]  0.61140.06 0.581 &£ 0.07 18.40 + 2.27 0.326 & 0.04 49.62G 11.19M
Yao et al. [19] 0.846 + 0.04 0.860 & 0.04 23.93 +2.40 0.113 +0.03 18.15G 57.18M
Ho et al. [5]  0.6320.05 0.573 & 0.05 17.65 + 1.68 0.220 & 0.03 103.32G 17.53M
WEF-Diff [24]  0.849 + 0.04 0.857 & 0.04 24.08 £ 2.46 0.162 % 0.03 122.85G 57.28M
ResShift [20]  0.856 + 0.04 0.858 & 0.04 23.57 +2.54 0.133 +0.03 45.73G 107.19M
WalMaFa [16] 0.804 # 0.03 0.802 4 0.04 22.44 £ 1.89 0.183 +0.03 17.35G 16.09M
Yang et al. [18] 0.859 + 0.04 0.862 4 0.04 23.65 £ 2.53 0.164 + 0.03 22.29G 17.36M
FS-RWKV [8] 0.860 & 0.04 0.856 = 0.04 23.51 4+ 2.54 0.131 4 0.03 46.25G 55.20M
Ours 0.874 £ 0.030.878 + 0.0324.16 & 2.660.101 + 0.02 34.77G 46.12M

suggesting its ability to reconstruct texture-rich details; however, its performance
remains inferior in terms of PSNR and overall perceptual quality. The generative
model [19] exhibits higher MS-SSIM and lower LPIPS scores than the diffusion-
based methods, indicating stronger structural consistency but limited fidelity.
Compared with the recent RWKV-based model [8], our approach achieves an
improvement of 0.6 dB in PSNR and a reduction of 0.03 in LPIPS, while simul-
taneously reducing the number of model parameters by 16%. Besides, we use
paired student’s t-test to evaluate the significant difference between FA-Diff and
other models [15]. Under the 5% significance level, the metrics of each instance
are statistically significant. The inference time of FA-Diff is 216ms per frame,
enabling potential real-time intraoperative application.

Table 2. Ablation study on FASN and FG-Shift modules.

FASN FG-Shift SSIM 1+  MS-SSIM + PSNR 1 LPIPS | FLOPs Params

0.848 £0.04 0.850 £0.05 22.91 +£2.71 0.120 +0.03 31.34G 36.43M
v 0.860 = 0.04 0.861 £ 0.04 23.09 +2.41 0.118 £0.05 31.35G' 40.79M
v 0.868 £ 0.03 0.869 £ 0.04 24.15+2.54 0.114 £ 0.03 34.76G 41.73M

Beyond quantitative metrics, FA-Diff more effectively preserves elasticity-
related structures, as illustrated in Fig. 3. It exhibits the lowest error variation
among the compared methods and achieves higher reconstruction accuracy, par-
ticularly at the transitions between stiff and compliant regions.

3.2 Ablation Study

Table 2 presents the ablation results of the proposed FASN and FG-Shift mod-
ules. Removing either component results in consistent performance degradation
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Fig. 3. Comparison of OCT-to-CS map translation methods. (a)-(j) show the recon-
struction error maps, where higher brightness indicates larger MAE relative to the GT.
Our method achieves markedly clearer and more continuous stiffness representations,
effectively preserving fine structural details while substantially reducing artifacts that
degrade the delineation performance of competing approaches. Scale bars: 200um.

across all evaluation metrics, including SSIM, MS-SSIM, PSNR, and LPIPS,
indicating their complementary contributions. When FASN is removed, naive
skip connections implemented via feature concatenation are used to maintain
structural continuity.

FG-Shift enhances stiffness-related texture modeling by facilitating global
coarse-to-fine contextual aggregation, whereas FASN adaptively modulates wavelet
sub-band responses through inter-stage, state-aware normalization. The full model
achieves the best overall performance, demonstrating that effective global con-
textual modeling and fine-scale elasticity detail preservation are mutually rein-
forcing.

Table 3. Ablation study of RWKYV scanning schemes.

Models SSIM 1 MS-SSIM 1+ PSNR 1 LPIPS | FLOPs Params

Zigzag [1] 0.856 +0.04 0.857 £0.04 23.46 +2.51 0.129 £0.03 35.10G 43.11M
FSO-Shift [8] 0.860 +£0.04 0.861 +£0.04 23.31 £2.42 0.123+0.03 35.14G 43.29M

Table 3 summarizes the ablation study of different scanning schemes. We
compare the proposed FG-Shift with existing strategies, including Zigzag [1]
and FSO-Shift [8]. The results show that replacing conventional sweep-based
scanning with FG-Shift leads to a substantial performance improvement, yielding
a 0.69 dB gain in PSNR while requiring fewer learnable parameters.

4 Conclusion

We propose FA-Diff, a frequency-aware RWKV-based diffusion framework for
OCT-to-CS map translation that integrates the proposed FG-Shift and FASN
modules to jointly enhance stiffness-sensitive feature modeling and fine-grained
structural detail preservation, both of which are essential for cholangiocarcinoma
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assessment. FA-Diff provides an alternative way for virtual optical coherence
elastography, enabling direct inference of tissue elasticity from structural OCT
images without additional hardware. Despite these advances, further validation
across multi-center cohorts and heterogeneous imaging devices is required. Fu-
ture work will focus on improving domain generalization, disease classification,
and computational efficiency to support real-time deployment.
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