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Abstract. Data-driven longitudinal monitoring of tumor treatment re-
sponse from computed tomography (CT) is challenged by temporally
sparse and irregular follow-ups between patients. Naïve interpolation or
unconstrained generative augmentation to fill missing scans often pro-
duces anatomically and temporally unrealistic tumor evolution, reducing
realism and utility for tasks that reason about response trajectories. We
propose OxFlow, a framework combining geometry conditioning via opti-
mal transport (OT) mask interpolation and flow matching to synthesize
smoothly varying tumor morphology. Our approach models tumor shape
evolution as Wasserstein geodesic interpolation in mask space, yielding
smooth and geometrically consistent intermediate shapes. These masks
are then used to condition a flow matching model to produce anatom-
ically coherent CT images. We evaluated the proposed framework on a
longitudinal CT cohort of patients with lung cancer. Quantitative eval-
uations confirmed that our approach produced geometrically smooth tu-
mor trajectories and highly consistent anatomical images. Furthermore,
we observed that utilizing these synthesized sequences of temporal scans
enhanced model accuracy for predicting immunotherapy response com-
pared to standard augmentation techniques. Overall, this work highlights
the value of incorporating geometric constraints into generative model-
ing for longitudinal medical imaging and suggests a general strategy for
geometry-aware medical image synthesis.
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1 Introduction

Longitudinal CT imaging is routinely used in oncology to monitor tumor progres-
sion and treatment response. Discriminative models that leverage serial follow-up
scans have demonstrated the prognostic value of multi-timepoint data, achiev-
ing strong performance in predicting overall survival [25], durable immunother-
apy benefit [21], and treatment response through joint segmentation-prediction
frameworks [9]. Recent works on longitudinal tumor evolution further underscore
the clinical importance of modeling temporal tumor dynamics [22, 19].
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However, the full potential of these data-driven approaches is often limited
because both the number of follow-up scans and the intervals between scans
vary widely across patients, thereby resulting in sparse and irregularly sampled
serial scans, leaving large temporal gaps in observed tumor trajectories. Conse-
quently, training time-series model with longitudinal medical images is challeng-
ing. A natural strategy to address this scarcity is generative data augmentation.
Diffusion-based synthesis [6] has shown promise for enriching medical training
sets, with methods such as DiffBoost [28] and mask-conditioned generation [3, 5],
diffusion-based augmentation for downstream classifiers [10] producing realistic
images with tumors. However, tumors are synthesized without considering the
temporal evolution of tumor morphology from prior time points, subsequently
diminishing the utility of the augmented scans for longitudinal analysis.

Several recent studies introduce temporal awareness into generative modeling
of disease progression. These include sequence-aware and temporally-conditioned
diffusion models [26, 13], treatment-informed synthesis [15], image-level trajec-
tory forecasting [14], and latent diffusion or flow-matching models of patient-
specific dynamics [2, 8]. Nevertheless, these methods operate directly at the im-
age or latent level: they learn to predict pixel intensities conditioned on time or
metadata, without explicitly constraining the geometric trajectory along which
tumor shape deforms. Because they do not explicitly disentangle geometry from
surrounding appearance, they often produce unconstrained and temporally in-
consistent geometric evolution.

We posit that realistic longitudinal synthesis requires decoupling shape evo-
lution from appearance generation. For shape, optimal transport (OT) provides
a rigorous solution. Unlike heuristic morphing or linear interpolation, OT defines
a Wasserstein geodesic path that yields mass-preserving, non-crossing correspon-
dences [17]. While OT has been widely used for non-rigid registration and shape
analysis [18, 23], its potential as a hard geometric constraint for generative con-
ditioning remains underexplored [29].

In this work, we propose OxFlow, a framework for spatiotemporal mod-
eling of tumor dynamics, combining OT-based mask interpolation with the x-
prediction flow matching [11]. We utilize OT to produce geometrically consistent
and temporally plausible intermediate masks, characterized by gradual, reduced
oscillatory changes in tumor volume and boundaries. These masks then spatially
condition the generative model. Motivated by the theoretical links between FM
and OT [12, 16, 24], our framework applies OT at two levels: (1) explicitly for
mask-space geometric conditioning and (2) implicitly for image synthesis. By
unifying the underlying principle while explicitly decoupling geometry from ap-
pearance, we enable trajectory quality to benefit downstream utility.

Our main contributions include: (i) A novel framework for longitudinal tu-
mor synthesis that combines OT geodesic mask interpolation with flow-matching
image generation, (ii) controlled ablations demonstrating that the downstream
gains arise from trajectory quality rather than per-image fidelity, and (iii) valida-
tion on a real-world longitudinal CT cohort, showing improved durable clinical
benefit prediction for immunotherapy patients.
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Fig. 1. Overview of OxFlow. Training conditions an x-FM model on tumor masks
and background. At inference, OT geodesics interpolate consecutive masks m0,m1 to
obtain mα, which guide ODE sampling to synthesize intermediate CT images.

2 Methodology

2.1 Problem formulation

For each patient, we observe a temporally co-registered longitudinal CT sequence
with tumor annotations {(Xi,Mi)}ni=1, where Xi ∈ RH×W×D denotes their i-th
CT scan and Mi ∈ {0, 1}H×W×D is the corresponding tumor mask. Our goal
is to synthesize anatomically plausible intermediate images conditioned on a
target mask, enabling realistic modeling of tumor evolution. Synthesized samples
should model realistic CT imaging appearance for training a classifier to predict
treatment response or track tumor velocity.

2.5D preprocessing. Since the cohort is limited in size, we adopt a 2.5D set-
ting by slicing each 3D volume Xi along the axial direction into 2D slices
{xi

j}
Ni
j=1 ⊂ RH×W . Each slice is paired with its corresponding 2D tumor mask

mi
j ∈ {0, 1}H×W .

2.2 Geometry-aware mask interpolation

OxFlow models tumor evolution in mask space by implementing F : m 7→
P, which converts the binary masks into foreground point clouds using voxel
coordinates. Given two point clouds of equal size P0, P1 from two adjacent
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timepoints, we establish spatial correspondence between them by computing
a discrete mass-preserving transport map T : P0 → P1 that minimizes the
quadratic transport cost:

min
T

∑
p∈P0

∥p− T (p)∥2. (1)

Using the optimized map T , we generate intermediate shapes via displacement
interpolation, Pα = {(1−α)p+αT (p) | p ∈ P0}, α ∈ (0, 1). Under the quadratic
cost, this formulation yields a Wasserstein geodesic interpolation with globally
consistent, non-crossing trajectories [17]. Inverse mapping F−1 rasterizes and
morphologically refines the points Pα back into intermediate binary masks mα.

2.3 Geometry-conditioned generative model

We adopt a ControlNet-augmented U-Net [20, 27] to explicitly disentangle geom-
etry from appearance. We construct a masked background to prevent appearance
leakage, xbg = x⊙ (1−m)+ x̄m, where x̄ is the global mean intensity of x. The
joint spatial condition c = [m;xbg] forces the network to synthesize tumor con-
tent driven solely by m. The main U-Net processes the noisy state zt, while the
ControlNet branch encodes c and injects the features via zero-initialized 1 × 1
convolutions (Fig. 1). Crucially, this preserves the pretrained generative prior
while progressively enforcing the geometric constraints of the OT trajectory.

2.4 x-FM: flow matching via x-prediction

To synthesize images from geometric conditions, we deploy x-FM, a flow match-
ing algorithm parameterized via x-prediction [11]. This choice aligns our frame-
work conceptually at both levels: both methods share the principle of finding
efficient, straight-line paths. Hence, while OT computes a Wasserstein geodesic
in mask space, FM learns a continuous linear probability flow in image space.

Unlike standard velocity regression, the network x̂θ(zt, t, c) directly estimates
the clean image x from the noisy state zt = tx + (1 − t)ε. This formulation
optimizes a mathematically equivalent velocity-matching objective and offers
improved empirical stability and generation quality [11]:

L = Et,ϵ,x

[
1

(1− t)2

∥∥∥√w(m)⊙ (x− x̂θ)
∥∥∥2
2

]
, (2)

where w(m) = 1 + m is a spatial re-weighting term that prioritizes synthe-
sis fidelity within the actual tumor regions during training. During inference,
conditioned on the OT-interpolated mask mα with xbg from the smaller-tumor
endpoint, we sample initial noise z0 ∼ N (0, I), convert the network output to
the velocity field v̂t = (x̂θ−zt)/(1−t), and solve the probability-flow ODE. This
continuous-time ODE formulation facilitates fast efficient synthesis of interme-
diate tracking data across the entire patient cohort.
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2.5 Synthetic Augmentation and Downstream Task

Synthetic augmentation. To enrich longitudinal training data, we synthesize
intermediate tumor states between consecutive timepoints at interpolation fac-
tors α ∈ (0, 1) using OxFlow.
Downstream task setup. We adopt a multiple instance learning (MIL) for-
mulation for durable response prediction. Each patient is a temporal sequence
of axial slices, and a ResNet-18 backbone extracts slice-level features aggregated
via attention pooling into a patient-level prediction. Patient-level fold splits pre-
cede any synthetic augmentation: synthesized intermediate slices are appended
only to training patients’ sequences, while validation and test sets contain only
real slices from held-out patients, precluding cross-validation leakage.

3 Experiments

3.1 Dataset and evaluation protocol

We evaluate a retrospective, IRB-approved longitudinal CT cohort of 229 lung
cancer patients with at least two CT scans. All scans were acquired as part
of routine clinical care. Scans include expert tumor segmentations and binary
durable response labels (defined as progression-free survival > 6 months). After
2.5D axial slicing, the dataset yields 8,491 tumor-containing slices.

Synthesis quality evaluation. To evaluate conditioning consistency, we employ
an independent nnU-Net [7] as a fixed anatomical evaluator. For each split, we
train it on real tumor-containing axial slices from the training set and select
the checkpoint on the validation set. We report the Dice Similarity Coefficient
(DSC) between the evaluator-predicted tumor mask and the conditioning mask
for synthesized images. For held-out real images, DSC is computed between the
evaluator prediction and the corresponding ground-truth tumor mask.

Classification evaluation. Having established synthesis quality, we assess down-
stream performance using patient-level 10-fold stratified cross-validation. ROC
curves are plotted from out-of-fold predictions, with shaded regions indicating
95% confidence intervals. Results are reported as mean AUC over three seeds.

3.2 Implementation details

ControlNet. Images are 256× 256 single-channel axial slices. The U-Net back-
bone uses channel sizes (64, 128, 256) with two residual blocks per level, Group-
Norm, and SiLU activations. ControlNet training follows Sec. 2.3.
Flow-matching Training and Inference. We sample t ∼ σ(N (−0.8, 0.8))
and train for 100 epochs using AdamW (lr = 10−4, batch size 16). An exponen-
tial moving average with decay 0.9999 is used for inference. The probability-flow
ODE is solved using a second-order Heun solver with 50 steps.
Synthesis and Classification. Intermediate masks are generated at α = 0.25,
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Fig. 2. Qualitative comparison of intermediate tumor synthesis. The first and last
columns are consecutive ground truth scans; other columns are synthesized. Rows show:
(a) OT mask + DDPM, (b) random matching + x-FM, and (c) OxFlow (ours).

0.5, 0.75, and the MIL classifier is trained for 50 epochs (averaged over 3 seeds).
Baselines. To facilitate evaluation, we define: (1) Masking variants: We com-
pare OT against linear mask interpolation (thresholded mask blending) and
random matching (random point matching between P0 and P1). (2) Generative
algorithms: We contrast x-FM with DDPM [6] using identical ControlNet condi-
tioning. (3) Augmentation schemes: Downstream prediction is compared across
real-data-only, standard augmentation (affine/elastic), and pixel interpolation.

3.3 Main results

Table 1. Trajectory smoothness metrics for mask interpolation methods. N = 5078
consecutive timepoint pairs. Median with [IQR] reported, best in bold.

Non-monotonic vol. (%)↓ Perimeter TV ↓ CoM curvature (rad) ↓

Linear mask 92.5 0.47 [0.26, 0.93] 0.59 [0.21, 1.31]
Random matching 77.2 0.15 [0.09, 0.27] 0.28 [0.09, 0.74]
OT Mask 51.7 0.13 [0.07, 0.23] 0.21 [0.07, 0.51]

Trajectory smoothness. For each pair of consecutive slices, masks are interpolated
using OT, linear, and random matching to form 5-point sequences. Motivated
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Fig. 3. Average normalized tumor volume progression across interpolation steps α.

by prior works [1, 4] on interpolation stability and trajectory smoothness, we
quantify geometric stability using non-monotonic volume rate, perimeter total
variation (TV), and center-of-mass (CoM) curvature. As shown in Table 1, OT
interpolation substantially reduces oscillatory behavior compared to linear and
random baselines, while also achieving the lowest boundary variation and cen-
troid curvature. This stability is visually corroborated by the volume progression
(Fig. 3): OT interpolation yields a smooth, monotonic change in tumor volume
between the two observed endpoints, in contrast to the abrupt step-transition of
linear masking and the non-monotonic deviation of random matching. Overall,
OT mask interpolation yields the most stable intermediate geometries.

Synthesis quality. Table 2 shows OxFlow and linear masking achieve similar
DSC accuracies, as static overlap primarily captures spatial alignment rather
than temporal coherence. OxFlow, however, produces the lowest failure rate, re-
flecting the most reliable adherence to the conditioning mask. Noticeable drop
with random matching suggests a strong generative backbone alone is insuffi-
cient without geometric priors, often producing fragmented tumor boundaries
despite realistic textures (Fig. 2). Moreover, replacing FM with DDPM yields
the lowest DSC and exhibits boundary discontinuities that compromise anatom-

Table 2. Dice overlap (DSC) between the conditioning mask and nnU-Net segmenta-
tion on synthesized images. The failure rate is the ratio of images with DSC < 0.5.

Method Mean ± SD ↑ Failure Rate (%) ↓

Real (Evaluator Reference) 0.912 ± 0.149 2.60

OT mask + DDPM 0.678 ± 0.294 20.4
Random matching + x-FM 0.711 ± 0.258 14.8
Linear mask + x-FM 0.722 ± 0.273 16.1
OxFlow (Ours) 0.729 ± 0.264 14.3
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Fig. 4. Left: ROC curves for durable response prediction. Right: AUC as a function of
interpolation density.

ical adherence. Collectively, these results support OxFlow’s integration of OT
trajectories with x-FM.

Classification performance. OxFlow outperforms all baselines in durable re-
sponse prediction (Fig. 4). In particular, it maintains a consistently balanced
and superior performance across a broader range of decision thresholds. This ro-
bust ROC profile suggests that the geometrically consistent tumor trajectories
generated by OT provide more generalizable regularization for the classifier and
may reduce overfitting to specific sensitivity-specificity trade-offs. Given that
generative fidelity is comparable between OxFlow and linear mask + x-FM (Ta-
ble 2), this improvement supports our claim that temporally coherent geometric
trajectories are beneficial for downstream clinical utility in such scenarios.

Impact of interpolation density. To further validate the geometric stability of
the OT trajectory, we evaluate downstream AUC as a function of interpolation
density (Fig. 4, right). Increasing the number of intermediate states (α) consis-
tently improves performance for OxFlow. In contrast, baseline methods plateau
or degrade, indicating that denser temporal sampling only provides informative
augmentation when the underlying geometric trajectory is intrinsically smooth.

4 Conclusion

We proposed OxFlow, a framework for spatiotemporal modeling of tumor dy-
namics, coupling optimal-transport mask interpolation with flow-matching gen-
eration. Experiments demonstrate our approach produces geometrically smooth,
anatomically plausible trajectories that achieve superior downstream durable re-
sponse prediction. This supports the premise that sequential geometric fidelity
enhances clinical utility. Future work will extend this 2.5D, single-center study
to multi-center 3D longitudinal cohorts.
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