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Abstract. CT-based transesophageal echocardiography (TEE) simula-
tion provides a vital environment for procedural training and autonomous
robotic navigation. While recent advances approach realistic simulation
via conditional generative models, they typically require strictly paired
cross-modal data or costly expert annotations. Acquiring such supervi-
sion is practically infeasible due to the intrinsic mismatch between static
3D CT and dynamic operator-dependent 2D TEE, compounded by dis-
parate imaging physics and non-rigid tissue deformations. To address
this, we present the first generative TEE simulation engine capable of
synthesizing high-fidelity TEE images directly from local CT slices with-
out paired supervision. Our framework operates in a latent space con-
strained by an adversarial VQ-VAE, pre-trained on a large-scale TEE
database to capture the modality-consistent prior. To tackle the cen-
tral challenge of unpaired translation, we introduce Optimal Transport
Coupled Flow Matching (OTC-Flow) as our core technical design, which
establishes reliable pseudo-correspondences between CT-conditioned fea-
tures and target TEE latents, enabling robust flow matching regression.
Furthermore, as an indispensible complement, we integrate a pseudo-
supervised anatomical consistency loop that leverages robust CT geome-
try to enforce strict spatial alignment in a completely label-free manner.
Extensive experiments demonstrate that our framework significantly out-
performs representative unpaired translation models in both fidelity and
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anatomical consistency. Code, preprocessing scripts, and split details are
available at yunhaoli24/OTC-Flow.

Keywords: Transesophageal Echocardiograph - Cross-Modality Trans-
lation - Optimal Transport - Conditional Flow Matching

1 Introduction
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Fig. 1. Illustration of our realistic TEE simulation system. OTC Flow utilizes abundant
unpaired real TEE data and guarantees the simulated TEE within the real domain.

While transthoracic echocardiography (TTE) remains the primary cardiovas-
cular screening tool, it is frequently compromised by limited acoustic windows
and signal attenuation through the chest wall [12]. In contrast, Transesophageal
echocardiography (TEE) is performed from within the esophagus, directly adja-
cent to the heart, providing high-fidelity visualization of posterior cardiac struc-
tures. This anatomical advantage drives its rapidly expanding role in modern
cardiology, especially as an indispensable guide for complex, minimally invasive
catheter procedures [22I15]. However, blind navigation, complex probe steering,
and the risk of esophageal injury makes TEE acquisition technically demanding,
creating a critical global shortage of proficient operators [I5]. Patient-specific
TEE simulation derived from CT has emerged as a scalable solution to this
critical bottleneck. Unlike generic phantoms, CT-based simulation provides a
diverse, risk-free anatomical environment for procedural planning and operator
training [23]. Furthermore, realistic TEE simulation serves as a foundational
platform for developing autonomous robotic navigation systems [1412J3], and
bridges the data gap by enabling the transfer of abundant anatomical annota-
tions from CT to the label-scarce TEE domain. Current TEE simulators typically
render ultrasound by ray-casting over segmented anatomical labels rather than
leveraging the fine-grained tissue textures in the original CT volumes [24/1]. As
a result, the simulated images lack the characteristic acoustic texture and visual
complexity of real TEE, leading to a domain mismatch with real clinical data
that degrades the transfer of downstream models [I412]. Recent work [3] intro-
duced CycleGAN as a data engine for robotic ultrasound simulation, attempting
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to bridge the domain gap by training on unpaired real ultrasound data. However,
CycleGAN is known to suffer from mode collapse, anatomical hallucinations,
and distribution shifts [4]. These limitations have been substantially alleviated
by the rapid progress of deep generative modeling, with diffusion probabilistic
models [TT126] and flow matching [T6/I7I6] emerging as the state-of-the-art for
high-fidelity synthesis. These advanced architectures have been adapted for con-
ditional ultrasound generation, employing techniques such as ControlNet [7] or
conditional flow matching [25] to guide synthesis. Crucially, however, these meth-
ods rely on paired masks as condition for real ultrasound frames to explicitly
model the joint distribution. This strict supervised requirement poses a severe
limitation for CT-based TEE simulation, as expert annotations are exceptionally
scarce. More importantly, we aim to leverage the rich anatomical details from
CT, yet acquiring perfectly paired CT-TEE data is practically infeasible. As il-
lustrated in Fig. [T} the intrinsic disparity between a one-time 3D CT scan and a
dynamic, operator-dependent 2D TEE process, compounded by disparate imag-
ing physics and complex intraoperative deformations, severely hinders accurate
cross-modal alignment.

In this paper, we present the first generative TEE simulation engine that pro-
duces realistic TEE images directly from local CT slices. We first pre-train an
adversarial vector-quantized variational autoencoder (aVQ-VAE) on over 81,510
unlabeled clinical TEE frames to learn a modality-consistent latent prior. Build-
ing on this latent representation, we tackle the central challenge of unpaired
CT-conditioned synthesis: the model must preserve CT-consistent anatomy while
avoiding artefacts from CT-specific structures unobservable in ultrasound, en-
tirely without paired data or TEE masks. We address this with a novel trans-
lation framework driven by Optimal Transport Coupled Flow Matching (OTC-
Flow). As our core technical contribution, OTC-Flow leverages a global optimal
transport coupling to provide pseudo-correspondences between CT-conditioned
features and real TEE latent codes. This enables robust conditional flow match-
ing in an unpaired setting, ensuring the generated distribution faithfully matches
the real TEE manifold. Building upon this generative foundation, we further in-
troduce a pseudo-supervised anatomical consistency loop as a supplementary
structural constraint. Leveraging mature CT analysis tools, this mechanism
forces the generated TEE to align with the robustly segmented structures of
the source CT, fully utilizing CT’s inherent structural information for precise,
label-free alignment. Finally, extensive experiments demonstrate that our frame-
work achieves superior fidelity in anatomical consistency and TEE realism com-
pared to representative unpaired translation alternatives, supported by in-depth
ablations validating our key design choices.

2 Method

2.1 Framework Overview

As illustrated in Fig. 2| our framework consists of two stages. Stage I pre-trains
an adversarial VQ-VAE on unlabeled TEE frames and freezes it to provide a
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Fig. 2. Framework overview. Stage I: Pre-training of aVQ-VAE. Stage II: Unpaired
cross-modality translation with a pseudo-supervised anatomical consistency loop.

modality-consistent latent prior. Stage II tackles the unpaired cross-modality
translation from the CT to the TEE domain. To achieve this, we introduce
Optimal Transport Coupled Flow Matching (OTC-Flow) as our key technical
design to synthesize realistic TEE images from unaligned CT fan slices. During
synthesis, a structural encoder F.; extracts a semantic condition x. from an
input CT fan slice (. To overcome the challenge of unpaired training, our
OTC-Flow mechanism maintains a cross-iteration latent bank storing unpaired
real TEE encodings. By employing a global optimal transport coupling, OTC-
Flow establishes a pseudo-correspondence between the CT condition x. and a
target TEE latent code ycoupled- This dynamically matched endpoint guides a
time-dependent vector field vy (-, ¢, x.), transporting sampled noise zo ~ N (0, I)
along a trajectory over ¢ € [0,1]. The terminal latent state z;—; is quantized
and decoded by the frozen aVQ-VAE to yield the synthesized image 7. To
enforce strict spatial alignment alongside this generation process, the framework
incorporates a pseudo-supervised anatomical consistency loop. Specifically, an
auxiliary segmentation network S processes the synthesized output #7FF to
predict semantic anatomical maps §7#¥. These predictions are explicitly super-
vised by structural pseudo-labels derived directly from the corresponding CT.
By providing this explicit anatomical feedback, the consistency loop imposes a
strong low-frequency geometric constraint, ensuring that the synthesized TEE
strictly preserves subject-specific cardiac shapes without requiring manual ul-
trasound annotations.
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2.2 Optimal Transport Coupling

Standard conditional flow matching learns a time-dependent velocity field by
regressing toward targets specified by paired endpoints. However, in unpaired
CT-to-TEE synthesis, stochastic endpoint pairing would induce semantically in-
consistent targets and inevitably increase the variance of velocity regression. We
address this challenge by computing a global optimal transport plan to dynami-
cally assign each CT condition a semantically consistent pseudo-correspondence.
Specifically, our method maintains a latent bank (LB) that aggregates empir-
ical TEE latent representations across training iterations. Let {xgl)}i:1 and
{yl(fé }JQ:l denote the condition embeddings extracted from the CT inputs for
the current mini-batch and the candidate latent embeddings of TEE retrieved
from the LB, respectively. An optimal transport cost matrix C € REX? quan-
tifies the pairwise distances between features, establishing a reliable metric for
the semantic alignment between these cross-modal representations:

(4)

) 2
Cij = ‘ Xg) - YLBHQ' (1)

Given the cost matrix, the assignment across the mini-batch is determined by an
entropic optimal transport plan that minimizes the aggregated semantic discrep-
ancy. Specifically, the optimal assignment is determined by the entropic optimal
transport plan P* € REXQ, obtained by solving the following objective under
uniform marginal constraints a = %1 g and b= élQ:

Plg=a, PT1p=b

P* = arg min (P,C) — EZ P;; (logP;j —1). (2)
1)

The L2 cost operates in the learned latent space rather than on raw im-
ages, providing a target preference between CT-conditioned embeddings and
TEE latent-bank candidates. OT then imposes a balanced global assignment
across the mini-batch, whereas nearest-neighbor pairing retains only local L2
preference. We solve Eq. [2| via log-domain Sinkhorn-Knopp iterations [5]. While
barycentric projection provides a soft interpolation, it can map samples off the
empirical support. To preserve support fidelity of TEE latents, we extract a dis-
(@)

crete pairing from P* by j*(i) = arg max; P} and set Yeoupled = y](ﬂ;(i)). These

ij
matched target endpoints {yég)upled}f;l subsequently serve as the semantically
consistent targets for the flow matching process. Finally, to maintain a continu-
ous and diverse supply of candidate representations, the latent codes of the real
TEE images from the current mini-batch are enqueued into the LB. OT coupling
and the LB are used only during training to construct stable latent supervision.
At inference, synthesis requires the CT encoder, the learned latent transport,
and the frozen VQ-VAE decoder.

2.3 Conditional Latent Flow Matching

Driven by the optimal transport coupling, the flow matching component of OTC-
Flow provides a deterministic generative path learning a continuous mapping
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from a simple prior to a target distribution. Unlike diffusion models relying on
a stochastic reverse process, Flow Matching directly trains a neural network to
approximate a velocity field defining an interpolation path.

Let Ycouplea denote the target endpoint established via our OT pseudo-
correspondence, and x. the CT-derived condition embedding. With Gaussian
noise zg ~ N (0,I), we define a probability path where ¢ = 0 represents the noise
state and ¢ = 1 the target data. The conditional linear interpolation path:

Zy = (1 - t)ZO + tYCouplcda
dZt
Ut (Z07 YCoupled) = E = Ycoupled — Z0, (3)

where u¢(2Zo, Ycoupled ) T€presents the instantaneous ground-truth velocity vec-
tor that drives the interpolation from the noise zy to the paired sample ycoupled-
Training involves learning a time-dependent conditional vector field vg(zy, t, X..)

by minimizing the flow matching regression loss:

ECFM (9) = Et,zmycm,pled,xc [|U0 (Zta t7 Xc) - (ycoupled - Z0)|2} . (4)

During inference, given a sampled noise zg ~ N (0,I) and a condition x., the
target sample is generated by solving the ordinary differential equation:

d

d—j = vg(z,t,%x.), with z(0) = zg, (5)
over the interval ¢ € [0, 1]. We employ an Euler solver to discretize [0, 1] into N
steps with step size At = 1/N, updating the state as follows:

Zit Nt = Zy + At . Ug(Zt,t,Xc). (6)

After N steps, the final output z,—; is obtained as the approximation of ycoupled;
guaranteeing that generated features lie robustly on the real TEE manifold.

2.4 Training Objective

The overall loss function involves a composite of L4 and Lopps alongside aux-
iliary regularizers to stabilize synthesis and enhance visual quality. Specifically,
Lgeq explicitly drives the pseudo-supervised anatomical consistency loop by su-
pervising the anatomical prediction §7¥F = S(zTFF) against the condition-
projected pseudo label §7FF via a Dice objective. While the OTC-Flow targets
the realistic texture distribution of ycoupled, L£seg imposes a critical geometric
constraint. This ensures the synthesized anatomy remains faithful to the CT
condition x.. The conditional flow matching loss Lo s is computed using end-
points (Zo, Ycoupled) and condition x.. To mitigate quantization drift and en-
force consistency, we employ a latent consistency loss penalizing the discrepancy
between the transported latent vector z;—; and its re-encoded representation
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Table 1. Quantitative comparison results with unpaired image translation methods.

Generative Metrics Perceptual & Anatomical Metrics
KID| FID} FRDJ LPIPS| NIQEJ} Dicet

CycleGAN [29] 10.74 (+2.35) 110.50 (+31.22) 86.82 (+59.49)| 43.65 (+6.18) 10.57 (+3.05) 91.20 (-6.80)
CUT [21] 9.82 (+1.43) 102.99 (+23.71) 52.13 (+24.80)|47.87 (+10.40) 8.19 (4+0.67) 93.10 (-4.90)
OTCS [9]  10.43 (+2.04) 93.11 (+13.83) 43.38 (+16.05)| 40.12 (42.65) 8.65 (+1.13) 95.30 (-2.70)

SynDiff [20] 10.55 (+2.16) 93.84 (+14.56) 38.90 (+11.57)| 41.23 (43.76) 7.88 (+0.36) 96.15 (-1.85)
UNSB [27]  8.66 (+0.27) 88.03 (+8.75) 47.28 (+19.95)| 39.21 (+1.74) 8.42 (+0.90) 96.50 (-1.50)

OTC-Flow 8.39 79.28 27.33 ‘ 37.47 7.52 98.00

Method

2i—1 = E,q(ZTEF) from the VQ encoder. Furthermore, a radial power spectral
density loss aligns texture statistics by matching frequency-domain profiles of
real and synthesized TEE. Finally, a lightweight path-space discriminator pro-
vides an adversarial signal to enhance perceptual realism.

3 Experiments

3.1 Datasets

We utilized the Multi-Modality Whole Heart Segmentation (MMWHS) dataset [30]
as the source domain, using 20 CT volumes with seven key anatomical labels (LV,
LABC, LVBC, RABC, RVBC, AO, and PA) to supervise anatomical consistency.
For the target domain, we collected 81,510 real TEE images from 377 patients
undergoing LAA closure or MitraClip procedures at two hospitals, acquired via
a Philips EPIQ CVx system with an X8-2t probe. These frames were extracted
from complete intraoperative videos after de-identification, with long-dwell re-
peated frames removed. To simulate TEE views, we segmented the esophagus
from CT volumes to constrain the probe action space. We then sampled vir-
tual probe poses and depths to extract 60,000 corresponding fan-shaped 2D CT
slices. All comparisons and ablations used the same data construction procedure
and an 8:2 train/validation split.

3.2 Implementation Details and Evaluation Metrics

Our method is implemented in PyTorch Lightning on two NVIDIA 3090 GPUs
using AdamW [I8] with an initial learning rate of 1 x 10~%. Training 20 epochs
with a batch size of 32. The CT encoder and segment head use a UNet back-
bone. The latent velocity network for flow matching comprises CNN blocks, four
time-step integration steps, and a 0.1 output scale. For optimal transport, we
maintained a 4096-size queue; the Sinkhorn plan was computed over 50 iterations
with 0.1 adaptive epsilon scaling. The VQ-VAE encoder used 16,384 codebook
embeddings of dimension 8. For assessment, we employ generative metrics to
measure the distance between the synthesized and real TEE data distributions.
Specifically, we utilize FID [10] to evaluate global realism, KID [8] as an unbiased
estimator, and FRD [I3] for robust feature-level comparison. Complementarily,
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Table 2. Ablation results. NN: Nearest-neighbor. ADM: Adversarial domain matching.

Latent alignment Supervision Metrics

Variant FM OT NN ADM|  Seg  |KIDJ FID| FRDJ LPIPS| NIQE/ Dicet

OTC-Flow v v x X v 8.39 79.28 27.33 37.47 7.52 98.00
w/oOT v x x X v 11.25 105.62 41.50 45.10 8.35 88.42
NN pair v x v X v 9.35 88.90 33.65 40.12 7.81 93.50

ADM x — — Y v 13.40 118.33 45.80 48.90  8.65 82.19
w/oFM x — — X v 9.88 92.15 3540 42.30 8.05 94.15
w/oSeg Vv vV X X X 9.10 86.45 48.22 46.55 7.89 -

LPIPS [28] and NIQE [1I9] are used to assess perceptual fidelity. Dice evalu-
ates CT-conditioned anatomical consistency: CT labels are projected through
the same fan grid into pseudo-TEE labels, and segmentations predicted from
synthesized TEE images are compared with the projected CT labels.

3.3 Comparison Study

We compared OTC-Flow against representative SOTA conditional generation
models capable of unpaired modality translation. Tab. [I] reports quantitative
results for TEE synthesis. OTC-Flow achieves top performance across distribu-
tional, perceptual and anatomical metrics, substantially better than the strongest
baseline UNSB based on Schrédinger Bridge. This validates the effectiveness of
our design in achieving robust domain matching and anatomical consistency.
This is further supported by visual comparison results Fig. [3] Our method pre-
serves coherent cardiac structures and generates modality-consistent ultrasound
textures. Conversely, existing baselines frequently exhibit over-smoothed tex-
tures, structural distortions, or inconsistent appearances.

3.4 Ablation study

Results in Tab. [2| validate our design in two key aspects: 1) Latent distribution
alignment: Our OT-based coupling (OTC-Flow) significantly outperforms both
nearest-neighbor (NN pair) and random pairing (w/o OT) within the flow match-
ing framework. Random pairing removes cost-aware target selection, whereas NN
pair preserves local L2 preference without the global marginal constraints of OT;
their inferior FRD values support the complementary roles of latent-space tar-
get preference and balanced OT assignment. Notably, ineffective latent match-
ing strategies (random pairing or adversarial domain matching at latent space
(ADM)) prove detrimental, yielding results inferior to the baseline without flow
matching (w/o FM). 2) Anatomical consistency: Removing the segmentation
supervision causes a marked degradation in FRD and LPIPS. Since FRD quan-
tifies radiomic discrepancies in texture and morphology, this drop confirms that
our pseudo-supervised loop is vital for synthesizing realistic, ultrasound-specific
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Fig. 3. Qualitative comparison with generative alternatives.

anatomy, while the LPIPS results highlight its role in suppressing generative
artifacts.

4 Conclusion

We presented OTC-Flow, the first generative engine for unpaired CT-to-TEE
simulation. By integrating optimal transport coupling into flow matching, our
framework establishes robust cross-modal correspondences to overcome intrin-
sic CT-TEE misalignment. Complemented by a pseudo-supervised anatomical
consistency loop, it ensures strict structural fidelity leveraging CT geometry. Ex-
periments confirm that OTC-Flow synthesizes realistic ultrasound textures with
high anatomical precision, offering a scalable, risk-free platform for procedural
training and autonomous robotic navigation.
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