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Abstract. Automated guidewire navigation in percutaneous coronary
intervention can reduce radiation exposure and clinician workload. How-
ever, existing methods suffer from low sample efficiency and struggle
with long-horizon guidewire navigation. World models offer a promising
solution, but scarce paired angiographic-3D data leaves end-to-end world
model approaches unexplored. To address these challenges, we propose
CAG-WM, the first synthetic-data-driven world model for autonomous
coronary guidewire navigation. Specifically, we construct dynamic syn-
thetic coronary angiography–3D data and train a world model within a
SOFA-based simulation environment to learn vessel–guidewire dynam-
ics and perform internal multi-step rollouts for long-horizon navigation.
CAG-WM is trained on 100 synthetic cases with full-view angiographic
renderings and corresponding 3D voxelized coronary models, and evalu-
ated on 20 multi-center clinical cases and 10 public datasets. Experimen-
tal results show that CAG-WM achieves a success rate exceeding 80% in
clinical cases, significantly outperforming competing methods. Even in
unsuccessful cases, the guidewire remains close to target lesion. Despite
slightly longer per-step inference time, CAG-WM achieves the shortest
total time (about 2 min) thanks to its higher success rate, which reduces
premature termination at the maximum step limit. Code and data is
available at https://github.com/CaoYue2004/CAG-WM.
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1 Introduction

Autonomous guidewire navigation holds significant clinical value in percutaneous
coronary intervention (PCI) [2], which analyzes real-time angiographic images
to generate optimal control commands, enabling automated guidewire advance-
ment to stenotic lesions. It effectively reduces cumulative radiation exposure to
physicians, mitigates steep learning curve of manual catheterization, and de-
creases inter-operator variability [15, 22]. Furthermore, this task represents a
compelling frontier for embodied AI, where an agent must perceive angiographic



2 Yue Cao et al.

scenes, reason about vascular anatomy, and execute precise guidewire control,
spurring growing interest in AI-driven endovascular intervention [17, 21].

Recently, reinforcement learning-based (RL) [5, 14, 19, 20, 25] and planning-
based approaches [14, 20] have been explored for autonomous coronary guidewire
navigation, demonstrating promising results. However, these methods lack ex-
plicit modeling of guidewire-vessel dynamics, resulting in poor sample efficiency
and limited generalization across diverse coronary anatomies. Without the ability
to anticipate the consequences of actions, agents cannot reason beyond immedi-
ate observations, making it difficult to plan ahead or adapt to unseen anatomical
variations. World models [8] have emerged as a promising framework to tackle
these limitations. By learning environment dynamics, they enable agents to plan
through imagined trajectories rather than costly trial-and-error interactions.

Nevertheless, world models remain rarely underexplored in vascular domain.
Robert-shaw et al. [18] introduced the first world model for autonomous guidewire
navigation in aortic arch. Despite this pioneering effort, several limitations re-
main. The study relies on limited angiography and corresponding 3D datasets,
potentially restricting its broader clinical value, and does not explicitly model
vascular dynamics. Furthermore, it lacks an end-to-end mapping from angio-
graphic images to navigation actions, and the derivation of observational states,
such as guidewire position, is not clearly specified. Consequently, the develop-
ment of world models for coronary intervention remains largely open.

To address these challenges, we propose Coronary Angiography World Mod-
el (CAG-WM), the first synthetic-data-driven world model for autonomous
coronary guidewire navigation. CAG-WM learns guidewire-vessel interaction dy-
namics from CAG observations and generates control actions to reach stenotic
targets efficiently. To mitigate data scarcity, we construct a diverse synthetic
dataset of full-view CAG paired with corresponding 3D voxelized models, in-
corporating dynamic vascular properties. We develop a world model-based
framework specifically tailored for the continuous control demands of guidewire
navigation, coupled with a SOFA-based [7] simulation environment that enables
large-scale policy optimization and facilitates learning of environment dynam-
ics under diverse anatomical variations. CAG-WM is trained on 100 synthetic
cases and evaluated on 20 multi-center clinical cases and 10 public datasets [23].
Experimental results demonstrate a success rate exceeding 80% in real coronary
navigation, significantly outperforming both RL baselines and existing world
model methods. Even in unsuccessful cases, guidewire navigated by CAG-WM
reaches significantly closer to target lesion compared to other methods. Although
per-step inference time is slightly longer than RL methods, CAG-WM achieves
the shortest total navigation time (about 2 min), owing to its higher success rate
which reduces episodes terminated by reaching maximum step limit.

2 Method

We formulate coronary guidewire navigation as a sequential decision problem
where the agent receives partial observations ot (CAG images) and outputs
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Fig. 1. Overview of the proposed CAG-WM framework.

guidewire control actions. Our objective is to learn a policy that navigates
guidewire from its initial position to target while avoiding vessel wall contact
and minimizing procedural time. To this end, we propose CAG-WM, a coronary
world model as illustrated in Fig. 1: (1) synthetic data construction, (2) dynamic
SOFA simulation, and (3) world model training for latent dynamics and optimal
control inference. Each of these components is described in detail below.

2.1 Synthetic Data Construction

To address the scarcity of paired clinical data, we propose a synthetic framework
for generating consistent coronary environments for world model training.

Given synthesized CAG images {Ii}Ni=1 rendered from implicit 3D coronary
models [4], we extract binary vessel masks {Mi}Ni=1 via segmentation. Under
known projection geometries, we apply multi-view geometric consistency con-
straints to reconstruct a coarse 3D voxelized volume V ⊂ R3. A skeleton graph
G = (N , E) is then extracted from V and globally connected using a minimum
spanning tree. For each centerline node n ∈ N , the vessel radius rn is esti-
mated by back-projecting n onto all views and averaging the distances to the
corresponding vessel boundaries. The final 3D coronary model is defined as

M =
⋃
n∈N

B(n, rn), (1)
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where B(n, rn) denotes a 3D ball centered at n with radius rn. The resulting
synthetic dataset provides full-view CAG, 3D coronary structures, and centerline
representations, forming a comprehensive foundation for training CAG-WM.

2.2 Dynamic SOFA Simulation

The training environment for CAG-WM is based on a physics-driven simulation
of guidewire-vessel interaction in the SOFA framework [7]. Guidewire is modeled
as a deformable Timoshenko beam, while vessel wall is treated as a dynamically
deforming boundary governed by a diffeomorphic displacement field that pro-
vides time-varying wall positions and velocities. The guidewire dynamics with
contact constraints are solved via constraint-based formulation,(

M+∆tD+∆t2K
)
∆v = −∆t (f +∆tKv) +∆tH⊤λ,

λ = argmin
λ≥0

∥∥∥∥H(v +∆v) +
g(t)

∆t
−Hwvw(t)

∥∥∥∥ (2)

where M, D, and K denote the beam mass, damping, and stiffness matrices,
H encodes contact constraints, and λ are Lagrange multipliers. The bias terms
g(t) and vw(t) account for vessel wall deformation, and λ is solved using a
Gauss–Seidel scheme for stable guidewire–vessel interaction.

The 3D coronary models from Sec. 2.2 are imported into SOFA as vessel
walls, with guidewire modeled using real physical parameters. CAG images with
the guidewire overlaid are rendered to provide clinically realistic observations.

2.3 CAG-WM

We develop CAG-WM, a TD-MPC2-based [11] coronary world model to learn
vessel–guidewire dynamics for autonomous navigation. Fig. 2 illustrates our
framework, where observations extracted from CAG images are encoded into
a latent representation and processed by the world model to generate control
actions, with a reward function guiding policy optimization.

Coronary-Specific Observation Modeling At step t, given a synthesized
angiography image It, we randomly sample a target point p∗ from the vessel
centerline C [26], and obtain the guidewire position {gi}Ni=1 from the SOFA
simulation. The guidewire tip gtip and its M nearest centerline points {cj}Mj=1

are used to describe the local vessel structure for observation encoding.
Two TCN [1] encoders are used to encode {gi}Ni=1 and {cj}Mj=1, capturing

spatial and temporal information. The resulting features are concatenated with
p∗ and fused by an MLP to form final multimodal observation representation.

Reward Design To promote reliable and efficient guidewire navigation, we
design a task-specific reward. The reward at step t is defined as

Rt = λtarr
tar
t + λpathr

path
t − λerr1[errort]− λstuckr

stuck
t , (3)
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Fig. 2. Details of our CAG-WM. Observations from CAG images are encoded into a la-
tent representation zt via TCN, which is fed into the world model loop for imagination-
based planning and action generation, guided by our reward system.

where rtart rewards reaching the final target and intermediate waypoints along
the planned path, rpatht encourages forward progress by reducing the remain-
ing path length, 1[errort] is an indicator of simulation failure (e.g., vessel wall
damage), and rstuckt penalizes stagnation when the guidewire exhibits negligible
displacement. The nonnegative weights λtar, λpath, λerr, λstuck control the trade-
off between efficiency, safety, and stability.

3 Experiments

3.1 Dataset and Metrics

Training Set The training set consists of 100 synthetic coronary cases, com-
prising CAG images, 3D vessel models, and centerlines, generated using a trained
implicit 3D generative model [4, 3, 13]. Corresponding 3D vessel models and cen-
terlines are reconstructed following Sec 2.2. All perceptual information required
by observation is pre-extracted prior to training. Dataset is available at github.

Test Set The test set comprises 20 real clinical cases collected from five cen-
ters (InCAG) and 10 cases from public dataset, VMR [23]. For each coronary
centerline, 15 target points are sampled to serve as navigation goals. For each
target point, 10 repeated trials are conducted to evaluate the robustness of the
methods, and the results are reported as mean ± standard deviation across trials.

Evaluation Metrics To comprehensively evaluate the performance, efficiency,
and stability of CAG-WM, we design several evaluation metrics. Success Rate
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(SR) is defined as the percentage of episodes that successfully reach the target.
Relative Distance (RD) measures the proportion of remaining centerline distance
to the target at episode termination, normalized by the total initial centerline
distance from the starting point to the target, evaluated only on failed episodes.
Time (T) represents the duration required to navigate from the starting point
to the target. Statistical comparisons are conducted using two-tailed paired Stu-
dent’s t-tests, with the significance level set to p < 0.05.

3.2 Implementation Details

In data preparation stage, the implicit 3D generative model is trained on 30k
real CAG images, achieving an FID score of 8.91. The segmentation network
UNet++ [27] are trained on ARCADE [16] and achieves a Dice score of 0.761.
During the training of CAG-WM, experiments are conducted on a single NVIDIA
L20 GPU. Each model is trained for 107 steps with a learning rate of 3× 10−4,
and the maximum number of steps per episode is set to 400. In Eq. (3), the
coefficients are set as λtar = 5.0, λpath = 0.1, λerr = 1.0, and λstuck = 0.1.

4 Results

4.1 Comparative Experiments

To validate the superiority of CAG-WM, we conduct comprehensive comparative
experiments. The baseline methods are categorized into three groups: (1) model-
free RL methods, including SAC [9] and TD3 [24]; (2) planning-based methods
that directly use simulator dynamics, namely CEM-MPC [6]; (3) world-model-
based methods, including DreamerV3 [10], TD-MPC [12], and TD-MPC2 [11].

As shown in Table 1, CAG-WM achieves the best SR and RD on both the
clinical and public datasets, reaching 84.7%/17.6% and 83.1%/18.9% respec-
tively, significantly outperforming model-free RL methods and the planning-
based CEM-MPC (p < 0.001). Among world model baselines, CAG-WM also
demonstrates clear advantages. DreamerV3 is better suited for raw image in-
puts rather than extracted positional features, which limits its performance in
our setting. TD-MPC struggles with continuous action spaces compared to our
method. Against our backbone TD-MPC2, CAG-WM achieves approximately
10% and 8% improvements in SR and RD respectively, validating the effective-
ness of our encoder modifications. Regarding the time metric, although our per-
step inference time is slower than SAC and TD3, the higher SR reduces episodes
terminated by reaching the maximum step limit, resulting in the shortest overall
navigation time and highlighting the efficiency of our approach.

Figure 3.A illustrates navigation performance across three clinical casesin
both CAG and SOFA modalities, where the guidewire successfully selects correct
vessel branch and traverses tortuous structures, demonstrating robust compre-
hension of complex coronary anatomy. Figure 3.B shows guidewire tip trajectory
heatmaps alongside corresponding 3D coronary voxels, revealing comprehensive



Title Suppressed Due to Excessive Length 7

Ca
se

 1
Ca

se
 2

Ca
se

 3

Time Step
Target
Guidewire

Frequency 
rank (%)

100

0

50

Heatmap Heatmap HeatmapVoxel Voxel Voxel

A

B

Fig. 3. A. Visualization of autonomous guidewire navigation in coronary arteries by
CAG-WM. For each case, the first row shows the CAG modality (green line: guidewire;
red dot: target) and the second row shows the SOFA modality (black line: guidewire;
white dot: target). B. Heatmap visualization of guidewire tip positions during training
and corresponding 3D coronary voxel models.

exploration across entire vascular tree and confirming the guidewire’s capacity
to access all reachable vessel positions. More experimental videos are provided
in the supplementary materials.

4.2 Ablation Study

To justify the design of our reward function, we conduct an ablation study on in-
dividual reward terms. As shown in Table 2, the full reward achieves the highest
SR on both datasets, confirming that each component plays a complementary
role in stabilizing learning and improving navigation performance. Without Rs,
the guidewire frequently hesitates at vascular bifurcations due to the absence
of stagnation penalty, leading to redundant movements and failed navigation.
Without Rp, the agent lacks dense centerline guidance throughout the naviga-
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Table 1. Quantitative comparison of CAG-WM with competing methods.

Method InCAG VMR
SR (%) ↑ RD (%) ↓ T (s) ↓ SR (%) ↑ RD (%) ↓ T (s) ↓

SAC [9] 47.3±17.1 49.5±21.9 256.67±24.34 46.0±18.3 51.2±20.4 261.43±26.17

TD3 [24] 50.7±15.4 42.1±23.8 239.13±23.48 49.3±16.2 43.7±22.5 244.82±21.93

CEM-MPC [6] 52.7±15.9 40.8±16.5 279.63±29.23 52.0±14.7 41.9±0.178 283.17±31.45

DreamerV3 [10] 61.3±12.8 37.6±17.7 186.79±20.30 59.3±13.5 38.9±16.8 191.24±22.56

TD-MPC [12] 43.0±16.4 53.2±27.1 267.13±23.10 42.7±17.1 54.8±25.9 271.36±25.83

TD-MPC2 [11] 75.3±8.3 25.1±10.4 156.47±17.66 74.0±9.1 26.3±11.2 160.83±19.24

CAG-WM 84.7±7.7 17.6±16.7 127.64±14.34 83.3±8.2 18.9±15.4 132.57±15.89

Table 2. Ablation study on reward components, where Rt: reward for reaching target
point; Rp: reward for reducing centerline path distance to the target; Re: penalty for
mechanical interaction with vessel wall; Rs: penalty for guidewire being stuck.

Rt Rp Re Rs
InCAG VMR

SR (%) ↑ RD (%) ↓ T (s) ↓ SR (%) ↑ RD (%) ↓ T (s) ↓
✓ 58.7±14.2 43.1±19.8 103.71±18.23 57.3±15.6 44.7±21.1 107.34±19.87

✓ ✓ 60.3±13.1 41.2±18.3 99.86±17.54 58.7±14.3 42.8±19.6 103.52±18.63

✓ ✓ ✓ 62.9±10.3 39.6±15.4 129.33±16.87 61.3±12.1 41.5±17.6 133.17±17.92

✓ ✓ ✓ ✓ 84.7±7.7 17.6±16.7 127.64±14.34 83.3±0.082 18.9±15.4 132.57±15.89

tion process, and relying solely on sparse target rewards proves insufficient for
effective long-horizon navigation.

Although our full method exhibits longer navigation time, this is attributed
to Re enforcing mechanical constraints that prevent unrealistic vessel wall pen-
etration, avoiding premature episode termination and ensuring physically valid
trajectories that better reflect real clinical conditions.

5 Conclusion

In this study, we propose CAG-WM, the first coronary world model enabling
end-to-end autonomous guidewire navigation from angiographic observations to
control actions, providing a new pathway to reduce operator radiation expo-
sure and workload. We construct a dynamic full-view coronary angiography–3D
synthetic dataset and integrate a world model-based framework with a SOFA-
based simulation environment to model vessel–guidewire interactions and opti-
mize long-horizon decision-making. Validation on multi-center clinical cases and
public datasets demonstrates that CAG-WM significantly outperforms RL and
existing world model approaches in navigation success rate. Meanwhile, even in
failed cases, our method achieves a closer proximity to the target point than com-
peting methods. Furthermore, CAG-WM achieves the shortest navigation time,
as its higher success rate reduces episodes terminated by the maximum step
limit. This work represents the first systematic application of world modeling to
dynamic coronary autonomous navigation and lays the foundation for AI-driven
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robotic coronary intervention. Future work will expand validation cohorts and
advance evaluation on physical vascular phantoms and in vivo experiments. Be-
yond coronary guidewire navigation, the world model framework holds potential
for broader PIC tasks, including balloon dilation and stent deployment, as well
as pre-operative planning and intraoperative decision support.

Disclosure of Interests. The authors have no competing interests in the paper.
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