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Abstract. Optical Coherence Tomography (OCT) is central to reti-
nal disease diagnosis and longitudinal monitoring, yet learning-based
OCT analysis is often constrained by limited expert annotations. Condi-
tional generative models can alleviate data scarcity, but prevailing lesion-
or segmentation-conditioned methods typically lack physical constraints
governing the biomechanical coupling between pathological fluid evolu-
tion and retinal-layer deformation. As a result, synthesized scans may
look plausible while exhibiting anatomically inconsistent layer config-
urations near lesions. We propose PhysOCT, a physics-guided plug-in
framework that augments existing conditional generators with a deformation-
consistent structural prior. Given consecutive lesion masks, PhysOCT
(i) predicts lesion-induced external forces using a force prediction net-
work, then (ii) propagates retinal geometry via a differentiable mesh-
free solver built on enhanced Generalized Moving Least Squares and
a stabilized Lagrangian update, producing a predicted next-step layer
prior. This physics-derived prior, together with a deformation-aligned
warped sketch of the previous scan, is used as additional conditioning
for diffusion-based synthesis. Experiments on multiple longitudinal reti-
nal OCT cohorts demonstrate improved one-step deformation prediction
and consistent gains in generation fidelity (PSNR/SSIM) and distribu-
tional quality (FID) across DDPM and LDM backbones. The code is
publicly available at: https://github.com/Terrific0723 /PhysOCT.

Keywords: Physics-informed generation - OCT synthesis - Differen-
tiable simulation.

1 Introduction

Optical Coherence Tomography (OCT) is a non-invasive, high-resolution imag-
ing modality that reveals cross-sectional retinal anatomy with micrometer-scale
detail [1]. OCT is widely used for early screening, disease monitoring, and treat-
ment planning across major retinal pathologies such as choroidal neovascular-
ization (CNV), diabetic macular edema (DME), and age-related macular de-
generation (AMD) [2-4]. In these conditions, the joint configuration of retinal
layers and pathological regions (e.g., fluid) provides key diagnostic evidence.
However, high-quality pixel-wise annotations of layers and lesions are costly and
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time-consuming to obtain, limiting the size and diversity of labeled datasets for
training robust segmentation and analysis models.

Controllable medical image synthesis is a promising approach to mitigate an-
notation scarcity and enable privacy-preserving data sharing. Generative mod-
eling has evolved from GAN-based synthesis [5], to diffusion probabilistic mod-
els [6], and more recently to flow-based formulations such as rectified flow [7].
For clinical utility, generation must be conditional and anatomically constrained:
recent work explores text and multi-modal conditioning in medical imaging [8,
9], and segmentation-guided diffusion models explicitly enforce mask adherence
during sampling [10]. In ophthalmology, diffusion-based OCT synthesis has been
used to improve downstream segmentation, including RetiDiff [11] and DDPM-
based synthesis guided by coarse retinal-layer sketches [12].

Despite progress, OCT lesion evolution is strongly coupled with retinal-layer
deformation over time. Conditioning solely on lesion masks or coarse layer hints
can therefore produce anatomically inconsistent outcomes: lesions may expand
or regress without correspondingly plausible displacement of surrounding layers,
undermining clinical credibility. Purely physics-driven simulation [13,14] and
physics-informed learning [15] offer principled deformation modeling, but they
can be computationally demanding and are challenged by uncertain or patient-
specific lesion-induced forces. These observations motivate hybrid approaches
that learn unknown forces from data while retaining a physically structured de-
formation model, similar in spirit to recent physics-augmented neural rendering
frameworks [16,17].

We introduce PhysOCT, a physics-guided plug-in conditioner for longitudi-
nal OCT synthesis. PhysOCT infers lesion-driven forces from temporal changes
in lesion masks and advances retinal geometry with a stable differentiable mesh-
free solver, yielding a predicted next-step layer prior that can be injected into ex-
isting diffusion generators. This results in improved lesion—layer coherence while
retaining the flexibility and fidelity of modern generative backbones. The contri-
bution of this work can be summarized as follows: Physics-guided plug-in for
conditional OCT generation. PhysOCT augments existing diffusion back-
bones with a physics-derived structural prior, improving anatomical consistency
between lesions and retinal layers without requiring large-scale paired structural
supervision, as the physics-based deformation model provides a strong prior
that substantially reduces the paired samples needed to learn lesion-layer corre-
spondence, compared to purely data-driven image generation. Learned lesion-
induced forces with a differentiable biomechanical solver. We predict
point-wise forces from consecutive lesion masks and propagate deformation with
a GMLS-based mesh-free solver informed by a stabilized Lagrangian update.
Consistent gains across cohorts. PhysOCT improves deformation predic-
tion accuracy, and boosts synthesis metrics (PSNR/SSIM/FID) across multiple
datasets and backbones.
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Fig. 1. Overview of PhysOCT. Given current layer structure layer, and consecutive
lesion masks (fluid¢, fluid¢+1), PhysOCT predicts lesion-induced forces and advances
retinal geometry using a differentiable solver, producing a deformation mapping and
a next-step layer prior. These physics-derived signals are used to form a deformation-
aligned sketch and to condition a diffusion-based generator for anatomically consistent
synthesis.

2 Method

2.1 Problem Setup and Overview

We consider longitudinal conditional OCT synthesis, where lesion evolution and
retinal-layer deformation should remain coherent across time. Given the current
OCT B-scan I, the corresponding retinal layer structure layer,, and consecutive
lesion (fluid) masks fluid; and fluid;4, our goal is to synthesize the next scan
ft+1 such that: (i) the synthesized lesion appearance adheres to fluid;11, and
(ii) retinal layers deform in a physically and anatomically plausible manner con-
sistent with the lesion change. We emphasize that PhysOCT is positioned as a
physics-consistent OCT editing framework rather than a future-scan predictor:
fluid;4 1 is obtained either from clinician-specified or algorithmically edited masks
(e.g., augmenting rare lesion morphologies) or from a separate mask-prediction
network, and no real ¢t 4+ 1 scan is required at inference.

As illustrated in Fig. 1, PhysOCT introduces a physics-guided intermedi-
ate representation that bridges mask evolution and image synthesis. PhysOCT
consists of three modules: (1) a force prediction network that estimates lesion-
induced external forces from temporal lesion changes, (2) a retinal solver that
propagates the retinal configuration using a stable differentiable mesh-free up-
date, and (3) an image synthesis module (e.g., DDPM/LDM) that is conditioned
not only on the lesion mask but also on the physics-predicted next-step layer
prior and a deformation-aligned warped sketch.

2.2 Force Prediction Network

We construct a uniformly sampled point set {z!}}¥; within the retinal region
defined by layer,, excluding the lesion region. Ground-truth targets xf“ used in
Eq. (2) are obtained by linearly interpolating each point’s relative position within
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its enclosing inter-layer band between layer, and layer, ;. Given the current B-
scan Iy, we employ a CNN encoder to obtain multi-scale feature maps, augmented
with two lesion-aware local cues: the lesion height change between fluid; and
fluid;1 1, and a distance cue to lesion-related boundaries. For each point z!, we
extract a local feature vector h; from these maps and predict a 2D point-wise
force fP"*! € R? using a shared regressor. Considering that different inter-layer
regions exhibit different elastic characteristics, we further introduce a learnable
inter-layer-region-dependent scaling parameter o to modulate the predicted force
magnitudes for points belonging to different regions.

To interface with the discretized Lagrangian solver, we assemble point-wise
forces into kernel-level (generalized) forces through the principle of virtual work:

N
bt = AP N ()T fPe (1)
=1

where Az? is the cell area induced by uniform sampling and N(-) denotes pre-
computed Generalized Moving Least Squares (GMLS) shape functions. Injecting

oy 4 into the retinal solver yields predicted next-step point positions {att1.
We train the force predictor end-to-end using SmoothL.1 supervision on point

locations:
N

Liorce = Z SmoothLl(gngrl7 xﬁ“) @)
i=1

Why point-wise forces? Directly regressing kernel-level generalized forces is em-
pirically unstable: GMLS assembly induces strong non-local coupling across ker-
nel degrees of freedom (DoFs), making learning in the generalized-force space
ill-conditioned. Predicting point-wise forces decouples learning from the fixed
assembly operator in Eq. (1), providing a more stable and transferable interface
to the solver.

2.3 Physics-Guided Retinal Solver

Given assembled generalized forces ff;fd, current sampling points {z!}, and
fixed precomputed GMLS operators, the retinal solver outputs updated point

positions {i‘ﬁ“}, a deformation mapping ¢;—¢r1, and a recovered next-step

layer prior layer?} .

Mesh-free deformation parameterization. To model continuous deformation with-
out an explicit mesh, we adopt an enhanced mesh-free GMLS discretization with
a quadratic basis and derivative constraints, following PIE-NeRF [16]. The de-
formation field is parameterized by kernel DoFs d and evaluated by the same
GMLS shape functions used in force assembly:

o(x) = N(x)d, x €S2 (3)

where (2 is the 2D retinal domain. Predicted next-step point locations follow
2t = p(af)
1 1/
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Stable differentiable update. We advance the configuration by solving a dis-
cretized Lagrangian update in which internal forces are derived from a stabilized
Neo-Hookean hyperelastic energy (serving as a physically motivated deformation
prior) and external forces are provided by fpred For stable optimization and
end-to-end differentiation, each step is written as a Symmetric Positive Definite
(SPD) linear system:

AAd = b; dt+1 = drest + Ad (4)

where A and b denote the step-wise system matrix and right-hand side, and Ad
is the DoF increment from the rest state dyes;. The SPD structure yields robust
solves and stable gradients through the implicit update.

Boundary constraints. Because consecutive scans are pre-aligned at the bottom-
most layer boundary, we impose Dirichlet constraints by fixing sampled points
on that boundary. This prevents global drift and improves numerical stability
when advancing the deformation.

2.4 Image Synthesis with Physics-Derived Priors

PhysOCT provides two complementary structural signals for synthesis: (1) a
deformation mapping ¢; ;11 and (2) a predicted next-step layer prior layer?fld.
These are used to improve anatomical consistency while allowing the image
generator to focus on realistic texture and speckle statistics.

We first warp the current image using the predicted deformation mapping:

Iises1 = warp(ly, @rset1) - (5)

The warped sketch I,y is structurally aligned to time ¢+1 while preserving
low-frequency appearance from I;. A conditional generator Gp then synthesizes
It+1 using Itﬂtﬂ as input, condltloned on the lesion mask fluid;;; and the
physics-predicted layer prior layer}’ +1 During training, we supervise It+1 with
the ground-truth I;; using the standard objective of the chosen conditional gen-
erative model. During inference, PhysOCT produces (I;_,;11, Auidy 1, layerffld),

which are fed into Gy to generate ;4.

3 Experiments

3.1 Datasets, Metrics, and Implementation Details

Datasets. We evaluate PhysOCT on three longitudinal OCT datasets: a private
CNV cohort (CNV disease, Optovue; 39 patients, 49 paired longitudinal 3D
cubes at 400 x 640 x 400 resolution), OLIVES TREX-DME (DME disease) [18],
and MARIO Task 1 (AMD disease) [19] (both Heidelberg Spectralis). When
manual annotations are unavailable, lesion and layer labels are obtained using
pretrained U-Net models [20,21,25] with manual correction. For each cohort,
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Fig. 2. Overlay of predicted vs. ground-truth retinal layers at next-step on AMD (a),
DME (b), and CNV (c) datasets (GT: solid; Pred: dashed).

paired B-scans with substantial lesion change are selected for force predictor
training/evaluation (860/1079/936 pairs for AMD/DME/CNV); the generative
model is further trained on the full training-split B-scans. All datasets are split
8:2 at the patient level.

Implementation. All experiments are conducted on a single NVIDIA RTX 3090.
Diffusion-based generators use the default S-schedule with 1000 diffusion steps
and the standard noise-prediction MSE objective. Images are resized to 480256
(CNV) or 256x256 (DME/AMD). For LDM variants, a VQGAN maps images
to latents (120x64 x4 for CNV; 64x64x4 for DME/AMD). Physical parameters
(Young’s modulus, E) are initialized following ocular elasticity-related references
used in prior work [22].

Metrics. For deformation prediction, we report Rel-Lo (Relative L2 Error) and
MAE (Mean Absolute Error) on next-step point locations. For synthesis quality,
we report PSNR/SSIM and FID.

3.2 PhysOCT Effectiveness for One-Step Deformation Prediction

Qualitative study. Fig. 2 visualizes representative examples by overlaying pre-
dicted and ground-truth next-step layer structures. PhysOCT closely follows the
target layer trajectories, capturing both global geometry and local variations,
and maintaining anatomically plausible layer ordering.

Comparative study. Table 1 compares PhysOCT with two baselines: Direct re-
gression, which predicts next-step point locations without force-driven propaga-
tion, and a PIE-NeRF solver [16] variant that replaces our solver at test time
under the same GMLS discretization and energy setting. PhysOCT consistently
achieves lower errors across cohorts while remaining efficient per step.

Ablation and parameter sensitivity. We ablate two design choices on DME: (i)
predicting point-wise forces followed by GMLS assembly (Eq. 1) and (ii) con-
structing an SPD global operator (Eq. 4) for stable solves. Table 2 shows that
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Table 1. One-step point prediction across cohorts (meantstd). Lower is better for Rel-
Ly, /MAE. Time includes the runtime of GMLS matrix assembly and network inference.

AMD CONV DME
Rel-Ly (%)l MAE (px)} Rel-La (%)} MAE (px)] Rel-Ly (%)} MAE (px)|

PhysOCT 0.45 4+ 0.17 0.91 + 0.35 0.42+0.16 0.97 4 0.31 0.44+0.18 0.75+0.31 34+7
Direct regression 3.56 & 0.42 4.51 +1.81 2.224+0.27 3.20+£3.34 3.37+027 4.39+3.78 542
PIE-NeRF solver 0.49+0.40 1.02+0.88 0.46+0.36 1.09+0.69 0.48+0.19 0.97+0.33 30+5

Method Time (ms)

Table 2. Ablation on DME. “NaN rate” is the percentage of test samples whose pre-
dicted next-step points contain NaNs. ||f|mean denotes the mean magnitude of the
predicted forces. "100x /0.01 X parameters" denote scaling of Young’s modulus F.

Method Rel-Ly (%)} NaN rate (%)} I f llmean
PhysOCT 0.44 £0.18 0 0.69 £0.21
Kernel-level force regression 86 + 81 0 -

w/o SPD construction - 100 -
100x parameters 0.59 £ 0.21 0 3.76 £1.84
0.01x parameters 0.56 = 1.20 0 0.05 +=0.03

regressing kernel-level generalized forces substantially degrades accuracy, consis-
tent with ill-conditioning induced by coupled DoFs. Removing SPD construction
leads to frequent numerical failures. We define a failure as the presence of NaNs
in predicted next-step point locations and report the NaN rate.

We also observe that the elastic coefficient (Young’s modulus, E) primarily
rescales the solver’s stiffness, which in turn determines the magnitude of the
inferred generalized external forces and the overall gradient scale during end-
to-end training. Since supervision is on next-step positions, an improper E can
mis-scale stiffness and force magnitudes, resulting in poorly conditioned gradient
scales (exploding or vanishing) and unstable optimization. In practice, we there-
fore adopt physically plausible and numerically stable parameter scales (e.g.,
E = 332 kPa).

3.3 Generative Performance as a Plug-in Conditioner

We evaluate whether PhysOCT improves conditional OCT B-scan synthesis in
fidelity, perceptual quality, and structural consistency. We compare DDPM [23]
and LDM [24] baselines with their PhysOCT-augmented counterparts. We also
report SegGuidedDiff [10] as a strong segmentation-guided baseline. Quantitative
results are in Table 3; representative visual comparisons are shown in Fig. 3.

Quantitative results. PhysOCT consistently improves both DDPM and LDM
across CNV/AMD /DME. In all settings, adding PhysOCT increases PSNR/SSIM
and reduces FID, indicating improved pixel-level fidelity and closer alignment
to the real-image distribution. Importantly, this gain comes with negligible run-
time overhead: the additional PhysOCT inference takes only ~34ms per sam-
ple, which is about a 5.0% increase relative to the ~0.6 s sampling time (DDIM,
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Fig. 3. Qualitative comparison of conditional synthesis. Columns 3 and 5 overlay reti-
nal layer annotations extracted from generated images with ground-truth layers; the
bottom-right insets of Columns 2 and 4 show per-pixel difference heatmaps to real
targets. PhysOCT reduces boundary-aligned errors under lesion-driven deformation.
(a) LDM on CNV. (b) DDPM on AMD. (c¢) SegGuidedDiff vs. PhysOCT-augmented
on DME.

50 steps), yet yields a clear improvement in synthesis realism and lesion—layer
anatomical consistency.

Qualitative results. Fig. 3 highlights the structural impact of PhysOCT near
lesion-affected regions. Baseline diffusion models often introduce layer deviations
that appear as strong responses in difference maps along layer boundaries. Con-
ditioning on the physics-predicted layer prior and deformation-aligned sketch
reduces these artifacts, yielding anatomically more consistent layer configura-
tions.

4 Conclusion

We presented PhysOCT, a physics-guided plug-in framework that predicts lesion-
induced forces and advances retinal geometry via a stable differentiable mesh-
free solver, producing a next-step layer prior that guides conditional diffusion
generation for anatomically consistent OCT synthesis. Experiments across mul-
tiple OCT cohorts show improved deformation prediction and consistent gains
in synthesis quality. The current 2D formulation can extend naturally to 3D via
the same force prediction and GMLS solver, with a 2.5D formulation offering a
computationally feasible intermediate step left to future work.
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Table 3. Conditional generation performance (meantstd). Higher is better for
PSNR/SSIM; lower is better for FID.

Method AMD CNV DME

PSNR? SSIMt FID| PSNR# SSIMt  FID/ PSNRf} SSIMt  FIDJ
DDPM 211426 0.57+0.09 53.9 27.94+1.4 055+0.03 562 21.2+1.3 0.55+008 544
DDPM-+PhysOCT 23.5+2.8 0.62+0.10 45.5 29.7 +4.1 0.58 4 0.03 50.9 23.9 £ 1.1 0.59+0.08 46.7
LDM 214428 0.61+£0.10 604 239412 0484002 724 21.3+15 0.60+007 73

LDM+PhysOCT 23.8+2.7 0.65+0.09 484 264+1.1 0.52+0.02 554 23.7+13 0.65+0.07 55.3
SegGuidedDiff 19.5+£4.0 047+£0.07 804 19.1+64 045+0.23 87.8 193+£42 046+0.06 83.3
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