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Abstract. Breast reconstruction plays a crucial role in restoring body image and 
psychosocial well-being after mastectomy, yet preoperative planning relies heav-
ily on surgeons’ experience and lacks practical planning tools. In this work, we 
present a controllable generative framework to simulate postoperative breast re-
construction outcomes from preoperative chest CT. Our pipeline comprises three 
components: (1) a conditional 3D latent diffusion model with an inpainting 
scheme that enables high-fidelity synthesis within the surgical region; (2) an im-
plant canonical template library and anatomy-aware alignment method to con-
struct a physiologically plausible implant spatial prior for guiding the generation; 
(3) a dedicated control branch that injects the implant prior into the diffusion 
process to enforce the implant and breast geometry changes. Experiments show 
that our framework can generate realistic postoperative volumes, and spatial prior 
injection substantially improves the geometry accuracy, leading to superior per-
formance over competing baselines in both fidelity and controllability. We fur-
ther demonstrate that simulated outcomes vary coherently with the user-defined 
implant configurations. Overall, our work enables preoperative visualization un-
der diverse surgical configurations and supports decision-making with a flexible, 
patient-specific planning tool for breast reconstruction. The source code is avail-
able at https://github.com/wangyz0915/DiffuBreast. 

Keywords: Breast Reconstruction, Simulation and Visualization, Latent Diffu-
sion Models, Controllable Generation. 

1 Introduction 

According to the global cancer statistics, breast cancer ranked as the second most fre-
quently diagnosed cancer and the fourth leading cause of cancer-related mortality [1]. 
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For many patients, mastectomy remains the primary surgical option [2]. To improve 
women's quality of life and reduce the psychological distress from mastectomy, an in-
creasing number of breast reconstructions have been performed worldwide [3]. To re-
store the breast appearance disrupted by mastectomy, breast reconstruction is com-
monly performed to recreate a natural breast mound and match the contralateral breast 
[4]. In clinical practice, selection and placement of implants often rely on preoperative 
coarse measurement and intraoperative repeated adjustments, an experience-driven 
process that is procedure-intensive, lacks standardized criteria, and may prolong oper-
ative time and increase complication risk [5, 6]. Moreover, appropriate implant sizing 
and accurate placement are critical for achieving optimal postoperative breast morphol-
ogy. However, constrained by the manufacturers' discrete, predefined shapes and vol-
umes, available implants may not fit patient’s breast geometry. Consequently, postop-
erative asymmetry and suboptimal aesthetic outcomes remain common, highlighting 
the need for accurate preoperative simulation and decision support to enable patient-
specific planning and expectation management. 

Recent advances in AI methods have driven broader clinical applications, with grow-
ing interest in AI-assisted surgical planning [7, 8] and operative outcome simulation [9, 
10]. However, methods for breast reconstruction remain limited. Existing studies pro-
vide cosmetic assessment of breast reconstruction outcomes using postoperative pho-
tographs [11–13] or CT scans [14], with limited utility for preoperative planning. Spe-
cifically, Chartier et al. proposed BreastGAN [15], and Zeng et al. trained a Stable Dif-
fusion model to simulate breast augmentation outcomes from photographs [16], where 
the model is not readily shareable due to privacy concerns. More importantly, they gen-
erate outcomes without modeling key surgical variables (e.g., clinical attributes and 
implant parameters). In parallel, existing commercial platforms provide 3D body ren-
dering of breast augmentation results for manufacturer-defined implant models, yet 
they prioritize visual plausibility over anatomical and morphological fidelity. Notably, 
unlike the bilateral enlargement, reconstruction aims to restore the mastectomy side to 
a natural appearance and achieve symmetry with the contralateral breast, making aug-
mentation-oriented simulation methods less applicable to reconstruction. These gaps 
motivate the development of open, patient-specific tools that can accurately simulate 
reconstruction outcomes across diverse, user-defined surgical configurations, going be-
yond qualitative visualization toward reliable preoperative planning. 

2 Methodology 

2.1 Problem formulation 

Given a patient’s preoperative chest CT volume ࢋ࢘࢖ܠ and a binary mask ܕ delineating 
the surgical breast region of interest (ROI), our goal is to synthesize the postoperative 
volume ܠො࢚࢙࢕࢖ based on the clinical attributes ܋௖ and implant configuration ܋௜. The syn-
thesized result should (i) be consistent with the anatomy outside the ROI, and (ii) real-
istically capture implant-induced changes in breast appearance within the ROI, approx-
imating the true postoperative volume ࢚࢙࢕࢖ܠ.  
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Fig. 1. Overview of the proposed breast reconstruction simulation framework. Inputs are the 
preoperative chest CT, ROI mask, and clinical attributes ܋௖. Given an intended implant config-
uration, the corresponding implant template is retrieved from the library, then 1) scaled, 2) 
placed, and 3) reoriented to 4) form the implant mask. A diffusion inpainting model iteratively 
denoises in the latent space and generates the outcome within the ROI. The implant prior mask 
is injected via control branch, whose multi-scale features are added to the diffusion UNet de-
coder to enforce implant geometry during denoising. The output is a simulated postoperative 
CT with faithful anatomy and morphology, visualized via 3D surface rendering. 

2.2 Latent Diffusion Inpainting for Breast ROI Generation 

Diffusion models generate samples through progressive denoising from Gaussian 
noise, enabling high-fidelity and diverse synthesis [17]. In this study, we adopt the con-
ditional Latent Diffusion Model (LDM) with the inpainting scheme to reduce the com-
putational cost for 3D synthesis, while restricting generation within the surgical ROI 
[18]. Let ܢ଴ =  denote the encoded latent of the postoperative volume, and the (௣௢௦௧ܠ)ܧ
ROI ܕ be downsampled to the latent resolution. At diffusion timestep ݐ, the ROI with 
surgical outcomes is perturbed, while context outside the ROI is unchanged, yielding 
the partially noised latent: 

௧ܢ  = ൫ඥ̄ߙ௧ ଴+ඥ1ܢ  − ௧ߙ̄  ࣕ൯ ⊙   ܕ + ଴ܢ   ⊙ (1 −  (1) (ܕ

where ࣕ ∼ ࣨ(0, ۷) is Gaussian noise, and ̄ߙ௧ controls the noise level. The denoising 
UNet ࣕఏ is trained with a region-restricted noise-prediction loss to predicts the injected 
noised within the ROI for every step ݐ: 

 ℒ୆୰ୣୟୱ୲ = ॱࣕ ቂ ଵ
∣ܕ∣

∥ ൫ࣕ − ࣕఏ(ܢ௧, ,ݐ ,ܕ ௖)൯܋ ⊙ ܕ ∥ଶ
ଶቃ (2) 

During inference, we encode the preoperative volume ܠ௣௥௘ and mask the planned sur-
gical region with ࣕ. The model then iteratively denoises within the ROI conditioned on 
the clinical attribute ܋௖ while preserving the contralateral breast outside ܕ. The final 
latent is decoded to obtain the simulated postoperative volume ܠො௣௢௦௧ = ଴ෝܢ)ܦ  ).  
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2.3 Implant Prior Construction for Spatial Control 

In our cohort, implant is parameterized by type and mass: type follows manufacturer-
defined families (e.g., teardrop vs. round), while the mass corresponds to geometric 
specifications (ܪ: height, ܹ: width, ܲ: projection; cm). We initially condition these 
attributes together with ܋௖ via cross-attention, yet this implicit conditioning provides 
only weak geometric supervision. We therefore model the implant configuration as the 
explicit 3D spatial prior, providing stronger guidance during synthesis.  

Canonical implant template construction. We annotate implant masks from postop-
erative CTs to build a template library for each type-mass configuration. To overcome 
the variability from soft tissue confinement and implant rotation, we center each im-
plant at its centroid and align the orientation by rotating PCA axes into a shared canon-
ical coordinate frame. The aligned masks of the same type–mass are voxel-wise aver-
aged to obtain the canonical implant template. Notably, we enable anisotropic scaling 
of the canonical template to continuously adjust (ܪ, ܹ, ܲ), allowing synthesis beyond 
manufacturer catalog entries and facilitating flexible preoperative planning.  

Patient-specific implant prior construction. Given a preoperative CT, with the spec-
ifies the implant type, size and placement center (ݔ, ,ݕ  we retrieve the corresponding ,(ݖ
template and estimate the in-vivo implant orientation from the PCA axes of ribcage 
mask of local placement region. We rotate the implant to align its projection axis (the 
PCA axis with the smallest eigenvalue) with the corresponding ribcage principal direc-
tion, while preserving axes orthogonality, yielding an anatomically plausible pose that 
conforms implant base to the chest wall. Accordingly, the implicit configuration ܋௜ is 
converted into a spatial implant prior ۷௣, providing control for synthesis. 

2.4 Spatial Implant Controllable Generation 

Building on the inpainting LDM (Sec. 2.2), we enforce the specific implant configura-
tion by injecting the implant prior ۷௣via ControlNet [19, 20]. A trainable control branch 
݃థ (initialized from the UNet encoder) encodes ۷௣  into multi-scale features that are 
added to the UNet mid and up blocks. The resulting noise predictor is: 

 ࣕఏ,థ = ࣕఏ   ቀܢ௧, ,ݐ ,ܕ ,௖܋ ݃థ൫۷௣൯ቁ (3) 

Training follows the same region-restricted denoising objective (Eq. (2)), replacing 
ࣕఏby ࣕఏ,థ. We freeze the pretrained backbone ࣕఏand optimize only ݃థ. To sharpen im-
plant boundaries and reduce edge jitter, we additionally fine-tune the ݃థ with implant 
consistency feedback. For early diffusion steps (ݐ ≤ 500), where denoising predomi-
nantly recovers low-level structural details, we use an intermediate denoised postoper-
ative estimation and decode it into the image space: 
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ො଴,௧ܠ 
௣௢௦௧ =  ܦ ቆ

(೟ିඥଵିఈ̄೟ ࣕഇ,ഝܢ

ඥఈ̄೟
⊙   ܕ + ଴ܢ   ⊙ (1 −  ቇ (4)(ܕ

where ܦ(⋅) denotes the VAE decoder. We feed ܠො଴,௧
௣௢௦௧into the frozen implant segmenta-

tion network, and minimize the Dice loss [21] between the predicted implant mask and 
the prior ܫ௣, encouraging stable, accurate implant contours in the synthesized ROI. 

3 Experiments 

3.1 Experiments Settings 

Dataset. We retrospectively collected chest CT scans of patients undergoing mastec-
tomy with immediate breast reconstruction at The First Affiliated Hospital, Zhejiang 
University School of Medicine, for training and validation. To evaluate preoperative 
applicability and cross-institutional generalization, we additionally curated paired 
pre/postoperative CT cases from Hangzhou First People's Hospital, Affiliated Hospital 
of Westlake University School of Medicine, as an external test set. For each patient, we 
recorded clinical attributes (age, height, weight, surgical side) and implant configura-
tions (type, mass). After excluding cases with severe implant deformation and displace-
ment, 470/107/87 subjects were used for training/validation/testing with patient-level 
splits.  

Preprocessing and implementation details. We annotate implant masks from CT 
scans, and train SwinUNETR [22] for automatic implant segmentation. Ribcage and 
body masks are obtained using TotalSegmentator [23]. For the LDM, we adopt a 3D 
UNet [24] with attention module at the deepest layer. CT volumes are resampled to 
256 × 256 × 160 and encoded using MedVAE [25]. Models are trained using AdamW 
with learning rate 2 × 10ି଺ scaled by batch size. We use a cosine noise schedule with 
1000 timesteps and perform inference with DDIM [26] sampling using 200 steps. 

Competing methods and protocols. We compare against a conditional LDM baseline 
that conditions on clinical attributes and implant-configuration via cross-attention, us-
ing either (i) BiomedCLIP [27] encoded text prompts or (ii) MLP encoded numeric 
attributes. We further benchmark representative spatially controllable diffusion vari-
ants: (iii) GLIGEN [28], (iv) Simple-ControlNet [29]; and (v) T2I-Adapter [30]. For 
fair comparison, the controllable baselines are adapted by replacing the 2D convolu-
tional modules with 3D counterparts and flattening volumetric tokens for the attention 
modules, while sharing the same 3D LDM backbone, training data, with only their con-
trol branches fine-tuned. We report SSIM, PSNR, MAE, LPIPS, GMSD, and addition-
ally assess controllability by implant Dice/IoU between real and synthesized CT vol-
umes.  
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3.2 Results 

Table 1. Quantitative comparison of synthesis quality across competing methods. Best results 
are highlighted in bold. 

Model LPIPS↓ SSIM↑ PSNR↑ MAE↓ GMSD↓ 

Text-encoded 0.088 0.904 28.382 0.028 0.144 
Num-encoded 0.089 0.904 27.590 0.030 0.146 

GLIGEN 0.086 0.91 28.646 0.027 0.141 
Simple-ControlNet 0.088 0.908 28.480 0.028 0.142 

T2I-Adapter 0.082 0.911 28.772 0.027 0.140 
Ours 0.080 0.912 29.046 0.025 0.137 

Generative quality. As shown in Table 1, our method achieves the best synthesis qual-
ity across all metrics. Compared with implicit cross-attention conditioning (Text-/Num-
encoded), methods with spatial control consistently improve fidelity, yielding lower 
perceptual/pixel-wise errors (LPIPS, MAE) and higher structural similarity (SSIM), 
even when only the control branch is fine-tuned. Since the dominant appearance 
changes in the ROI are driven by implant placement and geometry, the spatial prior 
provides the model with geometric guidance, yielding more consistent outputs. In par-
ticular, the lower GMSD indicates better agreement of the implant and breast contour 
boundaries within the ROI. 

Table 2. Quantitative comparison of implant mask agreement between synthesized and refer-
ence postoperative CT volumes.  

Model Dice↑ IoU↑ 
Text-encoded 0.599 0.449 
Num-encoded 0.544 0.395 

GLIGEN 0.613 0.456 
Simple-ControlNet 0.606 0.452 

T2I-Adapter 0.722 0.600 
Ours 0.750 0.627 

Segmentation results. Table 2 reports implant Dice/IoU between the synthesized and 
reference postoperative CTs. The Text-/Num-encoded baselines inject implant config-
uration solely through cross-attention. Although visually plausible, the condition is 
weakly coupled to the generated implant geometry, resulting in low Dice and IoU. This 
limitation is particularly evident in challenging scenarios (e.g., the second case in Fig-
ure 2, where the implant within the ROI is larger than the native breast), where strong 
preoperative context in the inpainting can bias the generated ROI toward the unmasked 
context and follow the contralateral breast shape rather than the intended condition. 
These observations highlight the need for explicit, spatially grounded control.  
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Fig. 2. Qualitative comparison of synthesis. Axial (top) and sagittal (bottom) views are shown 
for two patients: (a) unilateral reconstruction with an implant size close to the native breast; (b) 
bilateral reconstruction with larger implants. The postoperative implant contour is outlined in 
blue, and the implant spatial prior used for spatial control is outlined in red.  

With the proposed spatial control signal, close agreement between the injected control 
(red) and the reference postoperative implant contour (blue) in Figure 2 suggests that 
this prior provides a reliable geometric cue. It substantially improves implant accuracy 
across controllable variants, with T2I-Adapter and our method achieving the best over-
lap. We attribute the inferior performance of GLIGEN and Simple-ControlNet to atten-
tion-based control injection, which is applied at the lowest resolution of UNet in our 
implementation for memory constraints and may be attenuated during decoding. In con-
trast, T2I-Adapter and our approach inject control features into convolutional feature 
maps across scales, enabling stronger enforcement of geometric constraints. Finally, 
with the segmentation-consistency fine-tuning, our method produces sharper implant 
boundaries and attains the highest Dice/IoU in Table 2.  

Simulation results. Figure 3 visualizes controllable simulations generated from pre-
operative volumes. Row 1 shows the unilateral reconstruction case. Under the ground 
truth implant configuration (middle column), the synthesis closely matches the real 
postoperative implant contour and skin-surface profile. By iteratively reducing ܲ and 
increasing ܪ, our edited configuration (ܪ: 13.3, ܹ: 13, ܲ: 3.3) produces a plausible al-
ternative with a smoother breast contour transition and improved symmetry compared 
with the real postoperative outcome.  
Row 2 shows a bilateral reconstruction case, where we vary implant mass from small 
to large. We simulate bilateral reconstruction by sequentially synthesizing the ROI of 
each breast. Consistent with prior findings, the injected spatial implant prior reduces 
over-reliance on the contralateral breast, enforces the specified configuration, and pro-
duces the expected change in breast prominence. Overall, our framework supports 
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patient-specific preoperative simulation under user-defined implant configurations, fa-
cilitating surgical planning and expectation management. 

 
Fig. 3. Qualitative demonstration of controllable simulation using our framework (skin surface 
renderings derived from CT). Starting from the same preoperative input (left), we generate mul-
tiple postoperative simulations by editing the implant configuration. Insets show the injected 
implant prior (red) and the postoperative implant contour (blue). Row 1 presents a unilateral re-
construction case with varying implant size parameters (ܪ, ܹ, ܲ), and Row 2 presents a bilat-
eral reconstruction case with varying implant mass (corresponds to fixed ܪ ܹ ܲ combinations 
defined by manufacturer). For each case, the result under the real surgical configuration is 
shown in the middle simulated column; edited configuration variables for the synthesized re-
sults are underlined. 

4 Conclusion 

In this study, we presented a controllable generative framework for patient-specific 
simulation of postmastectomy breast reconstruction outcomes from preoperative chest 
CT. By integrating latent diffusion based inpainting with an explicit, editable 3D im-
plant spatial prior injected through a dedicated control branch, our method enables an-
atomically consistent synthesis while providing fine-grained control over implant ge-
ometry and placement. Our model consistently improves both fidelity and implant 
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segmentation accuracy over competing baselines and generalizes robustly in cross-in-
stitution evaluation. A limitation is that the simulation remains most reliable when the 
postoperative implants do not deform much, and the pretrained rib segmentation model 
works accurately. Future work will try to model biomechanically implant–tissue inter-
action and deformation, explore parametric controls that map implant configurations 
directly to simulation outcomes to reduce reliance on spatial priors. Overall, the pro-
posed framework offers a practical route to preoperative visualization and decision sup-
port for breast reconstruction planning.  
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