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Abstract. Atrial fibrillation (AF) is a prevalent cardiac arrhythmia of-
ten treated with catheter ablation procedures, but procedural outcomes
are highly variable. Evaluating and improving ablation efficacy is chal-
lenging due to the complex interaction between patient-specific tissue
and procedural factors. This paper asks two questions: Can AF recur-
rence be predicted by simulating the effects of procedural parameters?
How should we ablate to reduce AF recurrence? We propose SOFA
(Simulating and Optimizing Atrial Fibrillation Ablation), a novel deep-
learning framework that addresses these questions. SOFA first simulates
the outcome of an ablation strategy by generating a post-ablation image
depicting scar formation, conditioned on a patient’s pre-ablation LGE-
MRI and the specific procedural parameters used (e.g., ablation loca-
tions, duration, temperature, power, and force). During this simulation,
it predicts AF recurrence risk. Critically, SOFA then introduces an op-
timization scheme that refines these procedural parameters to minimize
the predicted risk. Our method leverages a multi-modal, multi-view gen-
erator that processes 2.5D representations of the atrium. Quantitative
evaluations show that SOFA accurately synthesizes post-ablation im-
ages and that our optimization scheme leads to a 22.18% reduction in
the model-predicted recurrence risk. To the best of our knowledge, SOFA
is the first framework to integrate the simulation of procedural effects,
recurrence prediction, and parameter optimization, offering a novel tool
for personalizing AF ablation. The code is available at our repository:
link.

Keywords: Surgical planning - Image generation - Ablation optimiza-
tion.

1 Introduction

AF is the most common cardiac arrhythmia, which is associated with significant
morbidity and mortality. Catheter ablation has emerged as a promising treat-
ment option. However, procedural success remains highly variable due to com-
plex patient-specific atrial anatomy and unpredictable tissue response to energy
delivery. While post-ablation late gadolinium enhancement magnetic resonance
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imaging (LGE-MRI) is used to assess resultant scar formation, predicting the
efficacy of an ablation procedure remains a major clinical challenge.

Recent advances in deep learning have demonstrated remarkable performance
in medical image synthesis and predictive modeling. For example, prior stud-
ies [8I9UI0] have used convolutional neural networks (CNNs) and reinforcement
learning to simulate catheter ablation strategies, while research in AF recur-
rence prediction [IH[IIBIT2] has focused on extracting anatomical and functional
features from imaging data. However, two key limitations persist. First, few
methods attempt to simulate the direct effects of specific procedural choices on
atrial tissue to predict outcomes. Second, selecting from predefined strategies
is less nuanced than optimizing the continuous procedural parameters such as
ablation duration, power, contact force, and temperature.

The importance of these parameters is underscored by clinical trial DECAAF-
IT [7], which investigated whether refining where to ablate (i.e., fibrosis-guided
ablation in addition to PVI) improves outcomes. The trial’s findings suggested
that this location-based strategy refinement did not significantly increase success
rates, highlighting how to ablate may be critical.

Motivated by these challenges, we ask two questions. “Can AF recurrence
be predicted by simulating the effects of procedural parameters?” “How should
we ablate to reduce AF recurrence?” We propose SOFA (Simulating and Op-
timizing Atrial Fibrillation Ablation), a deep-learning framework that directly
addresses these questions. SOFA integrates a patient’s pre-ablation MRI with
specific procedural parameters to simulate post-ablation scar and predict recur-
rence. Its main novelty lies in its ability to then optimize these input parameters
to minimize the predicted risk. Our contributions are:

1. Multi-modal Fusion for Post-Ablation Image Generation: We intro-
duce a novel fusion module that integrates pre-ablation imaging with key
procedural parameters (locations, duration, temperature, power, force) to
generate post-ablation images to simulate the impact of the procedure.

2. Simulation-Based Recurrence Prediction: Leveraging the simulated
post-ablation state, our framework predicts the risk of AF recurrence us-
ing only pre-ablation data and the intended ablation plan.

3. Ablation Parameter Optimization: We propose an optimization scheme
that refines ablation parameters on a patient-specific basis to minimize the
predicted risk of recurrence, which offers actionable guidance for personalized
treatment.

4. Data-Efficient 2.5D Representation: By employing 2.5D representa-
tions, our framework achieves robust performance even with a relatively
small data set of 235 patients, which results in a compact model suitable for
clinical applications.

By unifying generation, outcome prediction, and parameter optimization,
SOFA provides a comprehensive decision-support tool. To our knowledge, it is
the first framework to use deep learning for this purpose, directly addressing the
critical question of how to ablate for improved patient outcomes.
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2 Related Work

Ablation Simulation Several recent studies have explored the use of deep
learning for simulating catheter ablation (CA) procedures. Muffoletto et al. [8]
utilize patient-specific imaging data and CNNs to make personalized predictions
of CA strategies, training multiple classifiers to tailor treatment for individual
AF patients. In a similar vein, Muizniece et al. [9] address the same problem
using reinforcement learning, while Ogbomo et al. [I0] employ CNNs combined
with post hoc interpretability methods to predict the success of CA simulation
strategies. In contrast to these approaches that select from a set of predefined
strategies, SOFA directly optimizes key procedural parameters such as duration,
temperature, power, and force to tailor the ablation procedure. Moreover, our
framework predicts the effects of ablation parameters by generating post-ablation
images conditioned on pre-ablation images and ablation parameters, thereby
providing more effective guidance for CA procedures.

AF Recurrence Prediction Prediction of AF recurrence has been widely
explored using imaging and machine learning (ML). Statistical studies [I5II]
use LA shape features for statistical prediction, while ECG-based ML meth-
ods [6BITTIATTITE2] predict recurrence post-ablation using pre/post-procedural
ECG features. Other works [3[12] leverage fibrosis patterns and post-procedural
CT scans with ML classifiers, and [I4JI3] combine mechanistic simulations with
ML using pre-procedure imaging. In contrast, our method leverages procedural
data, including ablation parameters such as locations, duration, temperature,
power, and force, combined with pre-ablation images to predict AF recurrence
before ablation, which offers a novel perspective that integrates procedural con-
text with imaging data.

3 Method

SOFA framework for simulating ablation procedures and predicting clinical out-
comes consists of three sequential phases: (1) Post-ablation image generation,
(2) Recurrence outcome prediction, and (3) Ablation parameter optimization.
Figure [I] provides an overview of our pipeline.

3.1 Phase 1: Image Generation and Scar Map Extraction

Our SOFA framework utilizes two inputs, pre-ablation RGB rendered images,

I € R3*HXW and ablation parameters Ijeas € R*>*7*W_ We encode these sep-

arately to produce features zpre, Zfeat € REXHoxWs that are then reshaped into

2ot gl € RNV*C (with N = HyW,). Our cross-attention fusion module com-

putes queries, keys, and values using learnable weight matrices (Wy, Wy, W, €
RC ><C):
Q =W,z K =Wzt vV = W, 28 (1)

pre> feats



4 C. Yunsung et al.

& : Trainable

% : Freeze
Post-ablation Scar Mask

Phase 1: Post-ablation Image Generation

Pre-ablation
Images

uonUANY-SS0ID

Ablation
Parameters

Multi-Modal Fusion Module

Phase 2: Recurrence Outcome Prediction Phase 3: Ablation Parameter Optimization

¢

Mutti- Pre-ablation Multi-
Modal Classifier Modal PO | Recurrence

Fusion Outcome Fusion Outcome
Module Module

Recurrence

Cross-Entrop

Input Sample Ablation

Parameters

Fig. 1. The overview of three phases of SOFA.

and fuses the features via

Attention(Q, K, V) = softmax(CZ\jgr)V, (2)

followed by a projection with W, and then reshaping back to obtain Bfyseq €
RC X Hb X Wb .

The fused representation is processed by a decoder to produce a post-ablation
image Ipost € R¥>*HXW A mask extraction branch then produces a scar map:

M= a(h(fpost; w)) € RYHXW "where h(-;1)) is a convolutional block and o(-)

denotes the sigmoid activation. The overall loss function is a combination of an
L1 image synthesis loss and a Dice loss for scar map extraction:

S M+ Y, M +e

Ephasel = ||fpost - Ipost”l + Al 11— (3>

where the summation index 7 iterates over all pixels in the spatial dimensions
of the masks. Here, € is a small constant for numerical stability, and X is a
balancing hyperparameter.

3.2 Phase 2: AF Recurrence Outcome Prediction

After training the multi-modal fusion module in Phase 1, its parameters are
fixed to serve as a feature extractor. For each patient, the module processes six
views of the input images {I{)}5_,, where I%) = [IY.,I{ ], to extract a set of
feature embeddings zS_,, where each z" is generated for view v. These multi-view
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embeddings are aggregated via averaging to form a patient-level representation,
which is then input to a classifier f(-;¢) for predicting the recurrence outcome
y € {0,1} (with 1 indicating recurrence after ablation). The prediction is given
by

. 1.,

i= (o). )
where V' is the number of views. This classifier is trained with a binary cross-
entropy loss:

Lphase? =Y IOg(U(QD - (1 - y) log(l - U(Q))v (5)

where o(-) is the sigmoid function. This approach enables outcome prediction
based solely on pre-ablation data and ablation parameters, which provides early
prognostic insights without requiring post-ablation imaging.

3.3 Phase 3: Ablation Parameter Optimization

In the final phase, we optimize the ablation parameters I, € R*>*H*W (du-
ration, force, temperature, and power) while keeping the pre-ablation image
Ipre € R>*HXW fixed. The combined input I = [Ire, Iapi] is processed by the
fixed multi-modal fusion module to extract features that are then fed into the
fixed outcome predictor f(-;¢). We optimize [, to minimize the predicted risk
of recurrence by solving

* .
Iabl = argmin ﬁphase?n
Tan

where LphaseS = - IOg(l - O'(f([lprmlabl]; d)))) + /\reg Hlabl - Igb1||§

I9,, is the initial ablation parameter set, o(-) is the sigmoid function, and Aeg
(set to 0.1) balances regularization. This loss encourages f to predict a low prob-
ability of recurrence while preventing an excessive deviation from the original
parameters.

To focus optimization on clinically relevant regions, we incorporate pre-
generated ablation masks M,y € R™HXW per view, derived from the initial
I9,, using morphological closing to smooth boundaries. These masks are bina-
rized (Mup > 0.5) and applied during optimization to constrain updates to
ablation sites. This is implemented via gradient descent

Iﬁjlrl) = Map - (Igg)l - nvlabl‘cphaseii) + (1 - Mabl) . Igbl- (7>

ensuring that only masked regions are modified.

4 Experiments and Results

4.1 Datasets and Preprocessing

We evaluate our framework on the DECAAF-II dataset [7], a randomized mul-
ticenter study designed to assess the efficacy of fibrosis-targeted ablation in pa-
tients with persistent AF. The dataset includes pre-ablation and post-ablation
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Table 1. Phase 1 results for image simulation and scar map extraction.

Model MSE | PSNR T SSIM 1 Dice T

Pre-ablation 0.027 £ 0.001 17.57 £ 0.151 0.822 + 0.002 0.103 £ 0.014
Ablation  0.020 + 0.001 17.61 + 0.160 0.814 & 0.004 0.092 + 0.031
SOFA 0.018 + 0.001 18.00 =+ 0.156 0.826 + 0.004 0.131 =+ 0.014

Table 2. Phase 2 results for recurrence prediction.

Model AUC 1t Accuracy 1

Demographic Info 0.578 + 0.051 0.579 + 0.058
Real Post-ablation 0.711 £+ 0.039 0.600 £ 0.082
SOFA 0.671 £ 0.052 0.624 + 0.036

MRI along with detailed procedural data, including ablation points, duration,
temperature, power, and force. In total, 235 patients are included, and we report
5-fold cross-validation results.

In DECAAF-II, commercial software (Merisight) was used for image seg-
mentation, processing, quantification of left atrial fibrosis, and 3D renderings of
the MRI. We preprocess these 3D models by applying rigid registration to align
the left atrial models from pre- and post-ablation images, and then extract six
view images per patient. All images are resized to 256 x 256 pixels. Detailed
implementation information is available at our anonymous repository: link.

4.2 Quantitative Evaluation

Since our task is entirely new, no prior baseline exists for direct comparison. In
Tables[[]and[2], we present the results of SOFA alongside the baseline approaches.
Table [1] summarizes the performance of our image generation and scar map
extraction module, where SOFA outperforms models that rely on either pre-
ablation or ablation data. The improved metrics highlight the efficacy of our
fusion module over traditional approaches.

In Table [2] we report the results for recurrence prediction. We compare our
method with two baselines: a random forest model that uses demographic fea-
tures (age, BMI, sex, etc.) and another model that employs real post-ablation
images [12]. Although the post-ablation model achieves higher AUC, it is im-
portant to emphasize that our approach predicts recurrence outcomes based on
pre-procedural data, which provides clinicians the opportunity to adjust treat-
ment strategies before ablation.

Our evaluation for Phase 3 shows that the average result of recurrence was
0.487. After applying the ablation parameter optimization, the average outcome
decreased to 0.379, representing a reduction of 22.18% in the predicted recurrence
risk. This result demonstrates the promising potential of our method to guide
and optimize procedural parameters. We emphasize that while full optimization
of parameters is the ideal goal, we limit ourselves to refining the given parameters


https://anonymous.4open.science/r/SOFA-5EC0

SOFA: Simulating and Optimization Framework 7
Time Force Temp Power Post Pred

Right
Lateral

Left
Lateral

Anterior

Posterior

Superior

Inferior

Fig. 2. Phase 1 results of a patient across multiple views. Each row corresponds to
a distinct view. Columns 1-5: Input data comprising pre-ablation images (Pre) and
ablation parameters (Time, Force, Temp, and Power). Column 6 (Pred): Predicted
post-ablation images from the generative model. Column 7 (Post): Ground-truth post-
ablation images.

rather than optimizing them entirely from scratch. Moreover, the reduction in
the predicted risk is based on our model and will require future clinical validation.

4.3 Qualitative Evaluation

Figure [2]illustrates the qualitative performance of our Phase 1 generative model
for a single patient across six views. The model captures the overall shape and
structure of the post-ablation image, which demonstrates its ability to synthesize
realistic output conditioned on pre-ablation images and ablation parameters.
In most views, the predicted post-ablation images (Pred) align well with the
ground-truth post-ablation images (Post) with reasonable scar formations that
correspond to the input parameters. For instance, in view 3, the model generates
scar patterns that reflect the spatial distribution and intensity of the ablation
parameters, highlighting procedural data.

However, certain limitations appear in specific views. In the right lateral, the
model misses fine scar details, while the left lateral and the inferior over-generate
scar tissue. Though our cross-attention fusion module excels at capturing shape
and structure, it struggles with precise scar boundary delineation and parameter
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Fig. 3. Phase 3 results for ablation parameter optimization. Top row: original ablation
parameters. Middle row: optimized parameters. Bottom row: difference maps (red:
original > optimized; blue: original < optimized).

interplay. Future work could refine this with spatial attention in the decoder to
enhance detail accuracy.

Figure [3| demonstrates that after optimization, the ablation parameters are
adjusted in a manner that suggests longer durations and increased temperatures
at some regions are associated with a lower predicted recurrence rate. The dif-
ference maps reveal that key regions exhibit an increase in these parameters.
This highlights our optimization framework can potentially guide the ablation
procedure to achieve improved outcomes.

5 Conclusion

In this work, we present SOFA, a novel multi-model, multi-view deep learning
framework for simulating and optimizing AF ablation procedures. Our method
integrates pre-ablation images with ablation parameters using the fusion strat-
egy to generate post-ablation images and predict AF recurrence. Quantitative
results demonstrate that our multi-modal fusion network outperforms traditional
approaches in image generation and scar mask extraction, while our recurrence
prediction offers valuable prognostic insights using pre-ablation data. Moreover,
our ablation parameter optimization module shows promising potential by re-
ducing the predicted recurrence rate by 22.18%.
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A primary limitation of our study is the limited data size, which may af-
fect the generalizability of our results. In future work, we plan to extend our
framework to fully 3D data for more comprehensive spatial representations of
the atrial anatomy and further enhance the clinical utility of our approach.

Disclosure of Interests. The authors declare that they have no known competing
financial interests or personal relationships that could have appeared to influence the
work reported in this paper.
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