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Abstract. Accurate synthetic 3D shape generation and patient-specific 

reconstruction of complex anatomical structures is critical for ML-driven medical 

analysis, simulation, and digital twin creation. Signed distance field (SDF) 

implicit neural representations have recently demonstrated their effectiveness in 

the context of generating synthetic models of the human heart. However, current 

methods for the generation of shapes of organs with more complex geometries, 

such as the geometry of the colon, fail to accurately reproduce details, such as 

the folds throughout the colon. In this paper we propose a framework to enhance 

the robustness of the state-of-the-art SDF-based approach for synthetic heart 

generation for higher-fidelity organ modeling, and we evaluate its effectiveness 

in the generation of 3D colon shape representations. The proposed framework is 

based on SDF implicit neural representations, and effectively combines: a) 

multiscale latent grids, b) a wave-shaping neural activation encoding function, 

and c) cross-attention networks, for improved patient specific organ 

reconstruction and generation. An ablation study is provided to justify the 

contribution of each of the introduced components for heart modeling. 

Subsequently, a first proof-of-concept experimental investigation on public 

benchmark datasets is performed to assess the performance of the proposed 

framework for the generation and reconstruction of a human colon, which has a 

more complex shape as a longitudinal structure with puckered pouches and sharp 

turns. The results indicate that the proposed framework can provide improved 3D 

reconstruction and generation over the state-of-the-art methods for both heart and 

colon models. 

Keywords: Signed distance field, implicit neural representations, multiscale 

modeling, cross-attention, synthetic data generation, 3D shapes, digital twins. 

1 Introduction 

Accurate modeling of three-dimensional (3D) anatomical structures from medical 

imaging data is foundational for clinical analysis, simulation, and the creation of 

patient-specific digital twins. Traditional explicit 3D representations, such as meshes 

and voxel grids, lack flexibility and continuous detail required for accurate 

reconstruction and generation of complex anatomical structures, particularly when 
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patient-specific variability or topological complexity is present. In contrast, implicit 

neural representations (INRs), especially neural signed distance functions (SDFs), offer 

a continuous, differentiable, and compact formulation by modeling surfaces as the zero 

level set of a learned function that maps 3D coordinates to continuous distance values. 

Early work in visual computing demonstrated that neural SDFs can represent entire 

classes of shapes with compact latent codes and enable interpolation, reconstruction, 

and completion of complex 3D geometry [1]. A recent survey in 3D generative deep 

learning highlights that INRs have extended beyond simple reconstruction to generative 

tasks that require a nuanced understanding of global structure and fine geometric 

details. Continuous implicit fields accommodate topology variation and surface 

complexity more naturally than explicit voxel or mesh representations, making them 

suitable for high-fidelity modeling tasks across scales [2]. 

Generative modeling via deep learning has shown that hierarchical latent structures 

and attention mechanisms [3] can significantly improve synthesis quality by capturing 

both global context and local detail [4]. Transformer-based and cross-attention models 

used in latent generative frameworks (e.g., latent diffusion models) make it possible to 

condition generation processes on structured latent embeddings, allowing richer 

expressiveness and better capture of multi-scale patterns in data [5]. These insights 

indicate that multi-scale latent encodings and cross-region dependencies can be 

valuable elements for advancing implicit 3D generative modeling. 

While the current studies demonstrate the utility of implicit neural fields for 3D 

modeling tasks, there remains a gap in architectural development for generative 3D 

modeling of complex anatomical structures. In the context of medical generative 

modeling, SDF4CHD (Signed Distance Fields for Congenital Heart Disease) applied 

SDF-based implicit representations to congenital heart disease, demonstrating that INR 

models can reconstruct and generate clinically plausible cardiac geometries [6]. To the 

best of our knowledge, architectural enhancements, such as multi-scale latent grids and 

cross-attention networks have not yet been fully integrated into INR-based medical 

generative methods. Moreover, the extension of these implicit generative frameworks 

beyond cardiac anatomy to other clinically significant organs, particularly hollow 

tubular structures such as the gastrointestinal tract, remains underexplored. 

The main contributions of this study are: 

1. It introduces Multiscale Latent Encoding with Cross-Attention Networks (MLE-

CAN), an enhanced implicit neural representation framework that combines 

multi-scale latent grids, wave-shaping neural activation (WNA) encoding, and 

cross-attention networks to improve both reconstruction and generative 

modeling of complex anatomical shapes. 

2. It performs a comprehensive evaluation of the proposed framework on public 

benchmark datasets, investigating its effectiveness for the 3D reconstruction and 

generation of simpler and more complex anatomical structures, such as the 

human heart and colon, respectively. 

3. It extends the SDF4CHD state-of-the-art approach to establish a baseline in 

generating and reconstructing complex anatomies with limited labeling, such as 

the colon. 
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2 Related Work 

Neural implicit shape representations, such as DeepSDF and follow up methods have 

enabled continuous modeling of 3D geometry from latent codes [1]. Neural 

Diffeomorphic Flow (NDF) extends this paradigm by learning topology-preserving 

diffeomorphic mappings in the implicit domain, facilitating accurate 3D shape 

reconstruction and registration on organ datasets [7]. Recent advances introduce 

structured latent embeddings and hierarchical architectures. For instance, Guillard et 

al. [8] designed a single network whose early layers produce coarse geometry and later 

layers add fine detail, effectively yielding multiple levels of detail from one latent code. 

Also, attention mechanisms have been leveraged in neural fields: transformer-style 

cross-attention layers can inject context vectors (e.g. shape priors or modality features) 

into the implicit decoding process, analogous to their success in 2D latent diffusion 

models. These multi-scale and attention-based architectures markedly improve the 

ability of implicit models to represent both global structure and local detail in generated 

shapes [5]. 

Neural implicit fields have begun to impact medical imaging by enabling 

continuous, differentiable models of anatomy. Early works in medical shape modeling 

often used PCA or mesh-based VAEs on fixed topologies [9], but these struggle with 

the topological variability common in pathology. Implicit SDF models overcome this 

by naturally representing diverse topologies. For example, Sander et al. [10] trained a 

multilayer perceptron-based framework that learns a continuous SDF for the left 

ventricle (LV) that reconstructs high-resolution geometry from sparse anisotropic MRI, 

effectively performing implicit super-resolution of cardiac shapes. Recent works 

explicitly integrate multi-scale and conditioning mechanisms into implicit models for 

medical shapes. Yang et al. [11] proposed Implicit Atlas, learning a shared template 

field plus deformation grids to represent organ shapes, improving shape representation 

capacity on certain medical datasets. More recently, De Wilde et al. [12] proposed a 

steerable generative model based on implicit neural representations for thyroid 

synthesis and reconstruction. Currently, the SDF4CHD framework proposed by Kong 

et al. [6] is the framework with the widest range of capabilities in the field of 3D 

congenital heart disease characterization and modeling. However, the framework’s 

abilities can be further enhanced with strategic architectural enhancements, and further 

applications can be explored towards the 3D modeling of other anatomical structures. 

Other works that attempt to reconstruct or generate synthetic 3D organs or 3D 

medical images include diffusion models like MedSDF [13], 𝑇𝑟𝐼𝑁𝐷 [14], MeshHeart 

[15], Denoising Diffusion Probabilistic Models (DDPMs) [16] and traditional CNNs 

with Voxels as input like Voxel2Mesh [17]. Additionally, GAN based methods for 

point cloud 3D shape reconstruction with promising applications for synthetic 3D shape 

generation have been proposed [18]. Overall, the field of 3D medical shape 

characterization is progressing, but several models limit themselves to generating or 

reconstructing organs with simple geometries and most avoid organs or structures with 

complex geometries unless they have been carefully labeled in subsections. 
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3 Multi-Scale Cross-Attention Framework 

The proposed framework is composed of a decomposition and flow/correction 

networks similar to the SDF4CHD framework proposed by Kong et al. [6], but 

enhanced with three key architectural subsystems (Fig. 1): a) A pair of multi-resolution 

shape and correction codes (latent grids) {ZS
(ℓ)} K

ℓ=1 , {ZC
(ℓ)}K

ℓ=1, b) wave-shaping 

neural activation (WNA) [19] coordinate encoding, and c)  the Type-token cross-

attention injecting the type code latent vector (ZT) as a learned token memory into the 

type SDF decoder, the deformation network and the correction network. The “Type” 

branch is the part of the framework that encodes the multi-hot binary (also called a 

multi-label binary encoding) Input Diagnosis Vector 𝑧𝑇 , which is the vector that 

specifies if an organ (in this case a heart) possess none or several types of CHD, e.g. 

Tetralogy of Fallot (TOF), Double Outlet Right Ventricle (DORV), Transposition of 

the Great Arteries (TGA), etc. By default a healthy heart’s input diagnosis vector (lower 

left corner at Figure 1) is set up to (0,0,0,0,0,0), while a heart with ToF is set up to 

(0,0,0,0,1,0) and a heart with all three TGA, DORV and ToF is set up to (0,0,1,0,1,1). 

This section will break down the theoretical aspects of why each of the three 

enhancements mentioned make the framework better at patient-specific organ 

reconstruction and synthetic generation. 

 

 
Fig. 1. Graph of our Multi-Scale Cross Attention Framework displaying a total of k-

levels in the Correction and Deformation Latent Grids. 

 

In Fig. 1, each of the k levels is a grid/tensor of dimension 2ℓ × 2ℓ × 2ℓ × 27 where ℓ 

and k are positive integers and 2 ≤  ℓ ≤ 𝑘 + 1. A single grid must represent both global 

and local anatomy variations. Multi-resolution grids allow a coarse level to represent 

global morphology and finer levels to represent boundary detail, which is analogous to 

multi-resolution implicit representations [20] [21]. For each resolution level, we build 

deformation and correction grids (located at the left section of Figure 1) defined as: 
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𝑍𝐷
(ℓ)

∈ ℝ2ℓ×2ℓ×2ℓ×𝐶 , 𝑍𝐶
(ℓ)

∈ ℝ2ℓ×2ℓ×2ℓ×𝐶 , (1) 

where 2ℓ is the spatial resolution and 𝐶 is the channel dimension (in Fig. 1, 𝐶 = 27). 

Consequently, for any point 𝐩, trilinear sampling Tri() produces per-point features: 

𝐳𝐷
(ℓ)

(𝐩) = Tri(𝑍𝐷
(ℓ)

, 𝐩) ∈ ℝ𝐶 , 𝐳𝐶
(ℓ)

(𝐩) = Tri(𝑍𝐶
(ℓ)

, 𝐩) ∈ ℝ𝐶 , (2) 

where Tri() interpolates a coordinate inside a 3D grid cell using the values at its 8 

corner points. When encoding sample points from a 3D space, we encode 

coordinates with a wave-shaped periodic mapping. For frequency 

bands {𝑓𝑖}𝑖=1
𝐹  (e.g., 𝑓𝑖 = 2𝑖−1 ) and learnable spectral scales {𝜔𝑖}𝑖=1

𝐹 , define the 

wave-shaping primitive (applied element-wise) 

WS(𝑥; 𝜔) = tanh(sin(𝜔𝑥)) (3) 

The WNA encoding of a 3D point 𝐩 = [𝑝𝑥 , 𝑝𝑦 , 𝑝𝑧] is: 

𝛾WNA(𝐩) = [𝐩, tanh(sin(𝜔𝑖𝑓𝑖𝐩)), tanh(cos(𝜔𝑖𝑓𝑖𝐩))]𝑖=1
𝐹 ∈ ℝ𝐶 , (4) 

where the scalar (𝜔𝑖𝑓𝑖)  scales each coordinate, and sin() , cos() , tanh()  are 

applied component-wise to a vector and 𝐶 = 3 + 6𝐹 (For 𝐹 = 4, 𝐶 = 27 as in Fig. 1). 

WNA excels in two critical aspects: (i) Introduces a learnable spectral scale, as the 

frequency  𝜔𝑖 is trainable, so the encoding adapts frequency emphasis to organ anatomy 

scale variability; (ii) The wave shaping functions 

tanh(sin(𝜔𝑖𝑥))  and tanh(cos(𝜔𝑖𝑥))  compress extremes (bounded nonlinearity), 

effectively altering the harmonic content and stabilizing gradients near peaks. This is 

conceptually aligned with the broader line of work using periodic structure for implicit 

fields (e.g., sine activations in SIREN [22]) while specifically adopting the wave-

shaping neural encoding approach of  Triantafyllou et al. [19] to encode the query 

points in the 3D voxel space. Additionally, we convert the input diagnosis 

vector 𝑧𝑇  into a small set of learnable tokens (a “memory”) and let 

each spatial point query that memory (lower section of Figure 1). This makes 

type conditioning content-based and point-dependent: points in different anatomical 

regions can retrieve different type information. The latent vector is mapped 

into 𝑇  tokens of width 𝑑𝑓  with Wtok being the linear map from 𝑧𝑇  to 

a flattened token set and btok the bias for token generation: 

𝑀 = reshape(𝑊tok ∙ 𝑧𝑇+𝑏tok) ∈ ℝ𝑇×𝑑𝑓 (5) 

For each point 𝑝 , we build a query feature 𝑞(𝑝)  from its local point/geometry 

features (e.g., WNA-encoded coordinates and/or multi-level grid features). 

Cross-attention returns a context vector 𝑐(𝑝)  that we add to the point’s hidden 

feature stream: 

Attn(𝑄, 𝐾, 𝑉) = softmax (
𝑄𝐾⊤

√𝑑ℎ

) 𝑉, (6) 

𝑐(𝑝) = 𝑊𝑜 ∙ Attn(𝑊𝑞𝑞(𝑝), 𝑊𝑘𝑀, 𝑊𝑣𝑀), (7) 

ℎ(𝑝) ← ℎ(𝑝) + 𝑐(𝑝) (8) 

where Q, K and V are the stacked projected queries, keys and values from N points 

and T tokens respectively. Wq, Wk, Wv and Wo are matrices corresponding to query 

projection, key projection, value projection and output projection respectively. This 

approach directly mimics the transformer principle [3] [23].  
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After the trilinear sampling, the attention query features are not raw trilinear 

samples; they are the gated sum of sampled grid features of the correction and 

deformation latent grids. In combination with WNA, the cross-attention (CA) pathway 

injects type semantics not only into the SDF decoder but also into the deformation and 

correction branches, improving topology-consistent synthesis. At each level k, 

multiscale latent-grid features are obtained by trilinear sampling Tri() and combined 

with WNA-encoded query points 𝛾WNA(𝐩) through point-wise gating, per-level linear 

projection, and summation of the gated projected features. The resulting feature vector 

is further enriched by a type-token context obtained via cross-attention and then passed 

to the deformation and correction networks (MLPs with 6 hidden layers each located at 

the center of Figure 1), which predict the point velocity field and the SDF correction 

residual, respectively. If k=1, the sum projected features becomes a one gated projection 

and the attention query from gated multi-level summary becomes a gated single-level 

sample. 

4 Experimental Setup and Results 

To assess the proposed framework, it was trained and tested on the congenital heart 

disease (CHD) dataset obtained from Kong et al. [6] and the HQColon dataset provided 

by Finocchiaro et al. [24]. The CHD dataset provides 3D labels of the 7 major regions 

of the heart as well as providing labels according to the CHD a given heart suffers. The 

HQColon dataset does not provide segmentation labels or disease classification. While 

the same data preprocessing algorithm is used to preprocess the CHD and HQColon 

datasets, the CHD heart 3D CT scans are stored as 7-channel SDFs depicting the 7 

major regions of the heart while the CT colonography HQColon data will be stored as 

a single channel SDF depicting the full colon with no subregions. Hence, the HQColon 

proves to be a harder challenge for both the reconstruction and the generation task.  

 During training, the full network and the per-sample latent grids are optimized under 

a compound loss: MSE on occupancy for both reconstructions (without and with 

correction), a Gaussian prior on the latent grids, a light total-variation term on those 

grids, and a Lipschitz penalty on the type decoder MLP of 6 hidden layers. For both 

datasets, the generation task consists of the latent grids being initiated as random 

gaussian values and then for them to serve as input for the generation framework to 

later output conditional shapes according to the input diagnosis vector (if labeling is 

provided). For the reconstruction task, network weights are frozen and the latent grids 

are samples from random gaussian values to later be optimized for 200 iterations using 

the Adam optimizer with a learning rate of 0.01 per SDF of a given structure meant to 

be reconstructed under a compound loss composed of MSE loss on sampled points of 

the type/deformation output without correction and the final output with correction 

(with the final output being upweighted on interior and surface samples), plus a small 

Gaussian penalty on the grids. A reduce on plateau learning rate scheduler for the 200 

Adam optimization operations is set up with a patience of 15 and reduction factor of 

0.6 on plateau. Finally, reconstructions are rasterized on a 128³ or 2563 occupancy grid 

using a coarse-to-fine query. Occupancy above 0.5 is treated as inside the organ; each 
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voxel is assigned the highest-scoring anatomical class (for multi-channel SDFs), or 

background if all scores fall below 0.5. Dice score reconstruction is computed on this 

labeled volume and marching cubes at the same 0.5 threshold is used to export the 

surfaces. 

4.1 Experiments on the CHD dataset 

This study explores the effects of the WNA, cross-attention and multilevel latent grids 

against the SDF4CHD framework. For a fair comparison, the same train-test split used 

by Kong et al. [6] for evaluating SDF4CHD and the rest of INR-based models was used 

to train and test our framework. The training set consisted of 67 patients spanning 6 

CHD types and 14 combinations of CHD types and the testing set consisted of 34 

additional patients with CHD combinations not present in the training set. Also, we 

trained and tested the SDF4CHD on additional single (k=1) 𝑍𝐷
(4)

, 𝑍𝐶
(4)

 and 𝑍𝐷
(5)

, 𝑍𝐶
(5)

 

latent grids to compare their framework’s reconstruction capabilities with our 

multiscale cross attention framework with 1 ≤ 𝑘 ≤ 4  on whole heart (WH) 

reconstruction and individual cardiac anatomies: left ventricle (LV), right ventricle 

(RV), left atrium (LA), right atrium (RA), myocardium (Myo), aorta (Ao) and 

pulmonary artery (PA). The same train and test split were used as provided by the CHD 

dataset (Table 1 and Figure 2 and 3). The reason each framework/model must be able 

to accurately reconstruct a given heart is that by varying the input diagnosis vector on 

a learned heart morphology’s SDF, the model can further deform the heart to later 

resemble or depict different sets of combinations of congenital heart disease on a patient 

specific heart. We preprocessed the CHD CT scan dataset into SDFs and ground truth 

heart meshes with the same method as Kong et al. [6] which delimits the INR in a 3D 

voxel space of 1283.  

Our training approach is similar to the one of Kong et al. [6]. However, for the CHD 

dataset, a healthy (no CHD) sample of the dataset is chosen, and the type CHD network 

encoder (which encodes the multi-hot binary input diagnosis vector), WNA encoding 

(which encodes the 3D space), the type token generator, the attention mechanism and 

SDF decoder are all fitted under MSE loss between predicted and the ground truth 

occupancy of the healthy sample for 500 iterations of gradient descent updates with 

learning rate 1x10-4. At the start of the training both the correction and deformation 

networks were trained in an alternating approach for the first 100 epochs in which one 

network remains frozen, and the other one gets trained for 5 epochs and vice versa. 

Afterwards, the full network weights are trained for 1000 epochs. The initial learning 

rate for the network is 1x10-4 while for the latent grids is 1x10-3. A reduce-on-plateau 

learning rate scheduler is set, where the learning rate of both the network and latent 

grids is halved if there is no reduction in the reconstruction loss for 20 consecutive 

epochs. The minimum learning rate for both the network and its multilevel latent grids 

the training is set up to reach is 1x10-6.  

For our multiscale WNA Cross-Attention-based framework we also provided an 

ablation study to further justify the presence of each of its main components. For the 

WNA encoding method, the ablation study also includes two variants with Fourier 

Positional Encoding (FPE) replacing WNA as well as the framework having or not 
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having the cross-attention (CA) mechanism. It can be observed in Figure 2 and 3 that 

the dice score results (Y axis) of our model (Red Lines) increase as 1 ≤ 𝑘 ≤ 4 

increases (4 graphs in total) and outperforming most of its ablation variants in whole 

heart and individual cardiac structure (X axis) reconstruction measured in dice score 

when  𝑘 = 4 and      2 ≤  ℓ ≤ 5. This experiment sets no level of the latent grids to 

have equal dimensions to another level for all 1 ≤ 𝑘 ≤ 4. This is to have an ℓ value 

that always increases as 𝑘 increases, hence creating a full set of latent grid levels of 

strictly ascending complexity {𝑍𝐷
(2)

, 𝑍𝐶
(2)

, 𝑍𝐷
(3)

, 𝑍𝐶
(3)

, 𝑍𝐷
(4)

, 𝑍𝐶
(4)

, 𝑍𝐷
(5)

, 𝑍𝐶
(5)

} when 𝑘 = 4. 

 

Table 1. SDF4CHD model dice score results for whole heart (WH) and individual cardiac 

structures in reconstructed geometries compared to different baselines for unseen cases (test set) 

with their respective latent grid dimension ℓ and k = 1. “Corr” denotes the SDF4CHD model 

variant with correction network added to improve the reconstruction results.  

Single 

Latent 

Grid  ℓ 

WH LV RV LA RA Myo Ao PA 

2 86.3±2.7 91.4±2.7 88.3±8.0 82.6±5.3 88.8±4.0 88.9±5.5 76.3±12.8 72.1±16.0 

2+Corr. 88.8±2.0 91.4±2.7 88.3±7.9 85.5±4.7 91.9±2.1 90.0±3.8 83.0±8.6 76.7±14.3 

3 92.9±1.3 95.5±0.8 94.1±3.2 90.4±3.9 95.1±1.2 93.9±2.2 88.1±7.0 81.6±15.0 

3+Corr. 94.2±1.0 95.5±0.8 94.3±2.3 92.7±3.2 96.5±0.8 94.3±1.9 91.2±5.0 85.5±12.3 

4 95.4±0.7 96.9±0.5 96.3±1.1 94.5±1.9 96.9±0.7 95.4±1.4 93.7±2.6 90.5±5.7 

4+Corr. 96.2±0.4 96.9±0.5 96.3±1.1 96.2±1.3 97.3±0.5 95.6±1.3 95.5±1.1 93.2±3.4 

5 95.8±0.9 97.1±0.6 96.7±0.7 95.5±2.0 97.3±0.7 95.6±1.6 93.5±3.3 90.6±7.9 

5+Corr. 96.9±0.4 97.2±0.5 96.7±0.7 97.4±0.8 97.9±0.3 96.0±1.3 96.5±0.7 95.2±2.5 
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Fig. 2. Ablation study of the Multiscale Cross Attention SDF4CHD model presenting the dice 

score results (Y axis) for whole heart (WH) and individual cardiac structures (X axis) in 

reconstructed geometries compared to different baselines for unseen cases (test set) with their 

respective latent grid levels and up to 4 levels (depicting 1 ≤ 𝑘 ≤ 4), stating 2 ≤  ℓ ≤ 5. The 

overall standard deviation was of the order of 10-1. 

 
Fig. 3. Ablation study of the Multiscale Cross Attention SDF4CHD model presenting the dice 

score results (Y axis) for whole heart (WH) and individual cardiac structures (X axis) in 

reconstructed geometries with the correction module compared to different baselines for unseen 

cases (test set) with their respective latent grid levels and up to 4 levels (depicting 1 ≤ 𝑘 ≤ 4), 

stating 2 ≤  ℓ ≤ 5. The overall standard deviation was of the order of 10-1. 

 

Regarding synthetic 3D heart generation, all the evaluated models in Table 2 have the 

property of relying on single or dual latent grids. Kong et al. [6] already determined 

that in the present scenario and dataset that optimal generation is achieved with single 

level latent grids of dimensions 𝑍𝐷
(2)

, 𝑍𝐶
(2)

 . For a fair comparison we have used the 

provided pretrained model of Kong et al. [6] to generate 110 synthetic hearts of varying 

CHD combinations as the optimal training for their framework is different than the 

optimal training for our framework. In our framework, to achieve optimal generation 

all shape code dimensions in all levels must be kept at 𝑍𝐷
(2)

, 𝑍𝐶
(2)

. We observed that 

optimal generation is achieved with 5 levels of latent grids all having 𝑍𝐷
(2)

, 𝑍𝐶
(2)

. If a 

single latent grid is elevated at 𝑍𝐷
(3)

, 𝑍𝐶
(3)

, the reconstruction ability increases but high 

irregularities appear in the surface of the synthetic generated hearts.  

The quantitative and qualitative evaluation of the synthetic 3D heart meshes is 

shown in Table 2 and Figure 4 respectively. For each model, each generated mesh is 

represented by 32,000 points drawn on the triangles with probability proportional to 

face area, so the samples follow anatomical surface area rather than local vertex density 
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and remain comparable across meshes with different tessellations. The pairwise 

similarity is the mean squared Chamfer Distance [25]. For a given mesh every sample 

point on a given surface is matched to its nearest neighbor sampled point on the surface 

of another mesh and every generated mesh is compared to every ground truth mesh 

(and conversely) so that the provided set metrics assess two collections of shapes rather 

than patient-wise overlay. Each synthetic mesh is compared to every ground truth mesh 

and each ground truth mesh is compared to every generated mesh. The metrics provided 

are Symmetric Minimum Matching Distance (MMD-CD) [26], Set Precision and 

Recall [27] [28], Root Mean Square Roughness (RMSR) [29], Dihedral Angle Standard 

Deviation (DA-STD) [30] and Mean Aspect Ratio (MAR) using the edge ratio method 

[31]. Lower MMD-CD implies synthetic heart distribution is closer to real heart 

distribution. Higher set precision (Set-P) means more of the generated organs look like 

the real ones and higher set recall (Set-R) implies the generated set covers more of the 

real anatomical variety. Reduced RMSR after high-pass filtering suggests smoother 

surfaces with fewer high-frequency artifacts. DA-STD, inspired by dihedral-angle-

based mesh quality assessment by Váša & Rus (2012) [30], quantifies local surface 

regularity as the standard deviation of the angles between normals of adjacent triangular 

faces, computed over all internal mesh edges. Additionally, MAR values closer to 1 

(ideal equilateral triangles) demonstrate that our method generates more regular usable 

meshes suitable for Finite Element-based simulation and analysis.  

Table 2. Evaluation and comparison of synthetic heart generation among several baselines and 

state-of-the-art-models and our multiscale cross-attention model with 5 equal levels of latent 

grids of  𝑍𝐷
(2)

, 𝑍𝐶
(2)

. 110 heart meshes with varying pathologies were generated by each model 

and then compared to the full cohort of the CHD dataset composed of 110 ground truth heart 

meshes. “+Corr” denotes the model plus the correction network. 

Model MMD-CD↓ Set-P↑ Set-R↑ RMSR↓ DA-STD↓ MAR↓ 

DeepSDF [1] 0.001544 0.0818 0.0636 0.002799 6.585876° 6.924780 

CDeepSDF [6] 0.001278 0.4272 0.2364 0.002783 6.069758° 6.574505 

NDF [7] 0.001440 0.1909 0.0364 0.002794 6.163693° 6.257644 

SDF4CHD [6] 0.001214 0.8545 0.2364 0.002807 6.522208° 6.454072 

SDF4CHD+Corr 0.001209 0.8454 0.2727 0.002806 6.519051° 6.928455 

Our Framework 0.001199 0.9364 0.2182 0.000859 4.038681° 1.233010 

Our Framework+Corr 0.001192 0.9273 0.2182 0.000861 4.010311° 1.232529 

 

In this experiment, the advantage of our framework over the rest is that the 

implementation of multiscale latent grids allows it to maneuver between the two 

endpoints of the SDF4CHD. As Kong et al. [6] stated in their single level experiments 

that better reconstruction is achieved with latent grids (k=1) 𝑍𝐷
(3)

, 𝑍𝐶
(3)

 for all 

SDF4CHD, DeepSDF, CDeepSDF and NDF but with decrease in synthetic generation 

capacity (hearts with surface irregularities and artifacts). Kong et al. used (k=1) 

𝑍𝐷
(2)

, 𝑍𝐶
(2)

for SDF4CHD, DeepSDF, CDeepSDF and NDF to generate conditional or 

unconditional synthetic hearts. Given the fact that our framework has the multiscale 

latent grids, it can increase the dimensional complexity of the latent grids by varying  
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1 ≤ 𝑘 ≤ 5 but leaving all five latent grid levels all equal to 𝑍𝐷
(2)

, 𝑍𝐶
(2)

  (ℓ = 2). This is 

done with the intention of finding a midpoint of complexity higher than  𝑍𝐷
(2)

, 𝑍𝐶
(2)

 but 

lower than 𝑍𝐷
(3)

, 𝑍𝐶
(3)

 which is when generation capacity begins to decrease. Hence, 

Table 2 demonstrates that our framework produces quantitatively more accurate hearts 

compared to the ground truth ones with better quality meshes for computational 

modeling downstream tasks. 

 
Fig. 4. 3D synthetic hearts generated by (a) DeepSDF, (b) CDeepSDF, (c) NDF, (d) 

SDF4CHD+Corr and (e) our Multiscale Cross-Attention SDF4CHD+Corr model with 5 equal 

levels of latent grids of  𝑍𝐷
(2)

, 𝑍𝐶
(2)

.  

4.2 Experiments on the HQColon dataset 

In this section, experiments with two types of data preprocessing approaches were 

conducted using the HQColon dataset. In the first case, data with the same voxel space 

dimensions are preprocessed as the CHD experiments (i.e., 1283 voxel space). With this 

setup, our multiscale cross attention model had a different behavior in comparison to 

the CHD dataset experiments. In our multiscale model, the advantage provided by the 

multi-level latent grids in the heart dataset’s generation task is allowing the complexity 

to maneuver in between  𝑍𝐷
(2)

, 𝑍𝐶
(2)

and  𝑍𝐷
(3)

, 𝑍𝐶
(3)

. However, given the higher degree of 

anatomical complexity and lack of labels partitioning the colons, higher complexity is 

needed for the latent grids in both reconstruction and generation. Hence, we set the 

deformation and correction latent grids to 𝑍𝐷
(5)

, 𝑍𝐶
(5)

 to achieve top reconstruction and 

synthetic 3D colon generation. For all evaluated models, low latent grid dimensions 



12  Flores, D., Kalozoumis, P., Iakovidis, D. 

yielded poor reconstruction and generation quality. Hence, for a fair evaluation we set 

the latent grids to  𝑍𝐷
(5)

, 𝑍𝐶
(5)

 in all the models and used the same train – test split (Table 

3, Fig. 5). The HQColon dataset was separated into a training set composed of the first 

400 colons and a testing set composed of the remaining 35 colons. For the training of 

our framework and SDF4CHD, a sample of the dataset is chosen and the type network 

encoder, WNA encoding, the type token generator, the attention mechanism and SDF 

decoder are all fitted under MSE loss between predicted and the ground truth occupancy 

of the fixed sample for 1000 iterations of gradient descent updates with learning rate 

1x10-4. At the start of the training both the correction and deformation networks are 

trained in an alternating approach for the first 200 epochs in which one network remains 

frozen, and the other one gets trained for 5 epochs and vice versa. Afterwards, the full 

network weights are trained for 1000 epochs. The initial learning rate for the network 

is 1x10-4 while for the latent grids is 1x10-3. A reduce on plateau scheduler is set, under 

which the learning rate of both the network and latent grids is halved if there is no 

reduction on the reconstruction loss for 20 consecutive epochs. The minimum learning 

rate the training is set up to reach is 1x10-6. Additionally, unlike the CHD dataset, the 

HQColon dataset does not have labels for one or more conditions a colon may have 

(blockage, diverticulitis, cancer, polyps, etc) and it also does not provide labels for 

specific segments of the colon (e.g., ascending, transversal, descending colon and 

rectum). Hence, the evaluation of the generation task in this dataset is unconditional 

(the generated 3D colons are not meant to depict or resemble a specific disease, Fig. 6) 

and the models’ generation and reconstruction ability is measured regarding their 

ability to generate or reconstruct the overall geometry of a colon. 

 

Table 3. Dice score results per model for whole colon in reconstructed geometries in a voxel 

space of 1283 compared to different baselines for unseen cases (35 test samples) with latent grids 

𝑍𝐷
(5)

, 𝑍𝐶
(5)

. For GANs only the generator network is considered for the parameter and GFLOPs 

count. For the rest of the models the latent grids’ 200 Adam optimization operations and number 

of parameters are considered. “+Corr” denotes the model plus the correction network. 

Model Whole Colon No. of Parameters GFLOPs 

DeepSDF [1] 31.7±5.3 2,601,632 7,185.666 

NDF  [7] 91.9±5.6 4,073,484 39,991.875 

SDF-VAEGAN  [32] 62.2±6.0 53,324,097 492.077 

SDF-VAEGAN+Diff.  [33] 60.3±6.1 54,194,369 492.081 

PointCloud-GAN  [18] 86.0±1.3 212,533,248 0.425 

SDF4CHD [6] 93.1±1.3 8,158,765 40,060.876 

SDF4CHD+Corr  94.3±1.0 8,158,765 46,718.080 

Our Framework 93.4±1.1 11,222,519 47,343.676 

Our Framework+Corr 96.8±0.4 11,222,519 55,188.953 
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Fig. 5: Visual example of the reconstruction task of Colon #408 of the testing set in a voxel space 

of 1283. (a) Ground truth testing set colon. (b) Proposed WNA Cross-Attention Model+Corr. (c) 

SDF4CHD+Corr. (d) SDF-VAEGAN. 

 
Fig. 6: Visual example of synthetically generated colon structures using different models in a 

voxel space of 1283. (a) Proposed WNA Cross-Attention Model+Corr. (b) VAEGAN. (c) 

SDF4CHD+Corr. (d) NDF. 

 

The GAN models did not provide good reconstruction and generation quality. 

Meanwhile some of the outputs of the SDF4CHD, the NDF model and our WNA Cross-

attention model, despite resembling the shape of a human colon, are noisy, possess 

artifacts, irregularities and there is the memorization issue (generated colons are almost 

exact copies of the colons in the training set). Colon 3D modeling is challenging given 

that the colon’s geometry presents strong connectivity and overall path, but also fine 

local detail. Although our model provides a lower incidence of artifacts and more 

instances of anatomically accurate colons, some of these generated colons are 

memorized, implying that generating morphologically complex and anatomically 

accurate organs with scarce labeling is still an open challenge.  

On the second preprocessing approach, we preprocessed the data with the same 

algorithm as our CHD dataset experiments but in a voxel dimension of 2563. This was 

made with the goal of the higher dimensionality of the preprocessing to translate into 

the preservation of most fine details (haustral folds, and other surface geometrical 

features) of the colons, that the lower resolution preprocessing might not capture. The 
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results were that increasing the dimensionality of the data helped better reconstruct the 

colons (Table 4, Fig. 7). For the synthetic generation quantitative evaluation, the same 

mesh preprocessing strategy and metrics were used as in the CHD dataset experiments 

(Table 5). The qualitative evaluation is shown in (Fig. 8). A nearest neighbor analysis 

of the generated colon meshes against the training set and unseen colon geometries of 

the test set was performed. Each synthetic or ground truth mesh was represented by 

32,000 area-weighted surface points (Same as in Table 2 and 5). The pairwise similarity 

is the mean squared Chamfer Distance [25]. Every generated colon was compared to 

every training and test colon, with no assumed pairing. Two summaries are reported in 

Table 6: prefers training over test determines whether on average each generated colon, 

is closer to random training subset of the same size as the test set (35 vs 35) or to the 

test set itself. 50% implies no bias and above 50% a preference for training shapes. 

Unseen test colons recovered measures, for each of the 35 held out test colon 

geometries, whether some generated mesh is closer to it than any of the 400 training 

meshes. 

 

Table 4.  Dice score results per model for whole colon in reconstructed geometries in a voxel 

space of 2563 compared to different baselines for unseen cases (35 test samples) with latent grids 

𝑍𝐷
(5)

, 𝑍𝐶
(5)

. For GANs only the generator network is considered for the parameter and GFLOPs 

count. For the rest of the models the latent grids’ 200 Adam optimization operations and number 

of parameters are considered. “+Corr” denotes the model plus the correction network. 

Model Whole Colon No. of Parameters GFLOPs 

DeepSDF [1] 57.8±10.4 2,601,632 57,485.335 

NDF  [7] 78.2±5.9 4,073,484 319,935.002 

PointCloud-GAN  [18] 80.9±2.0 212,533,248 0.425 

MedSDF [13] 90.6±1.7 85,984,625 3156.641 

SDF4CHD [6] 93.1±1.6 8,158,765 320,487.006 

SDF4CHD+Corr  97.3±0.5 8,158,765 373,744.641 

Our Framework 92.0±5.2 11,222,519 378,749.412 

Our Framework+Corr 97.5±0.5 11,222,519 441,511.624 

 

 
Fig. 7: Visual example of the reconstruction task of Colon #408 of the testing set in a voxel space 

of 2563. (a) Ground truth testing set colon. (b) Proposed WNA Cross-Attention Model+Corr. (c) 

SDF4CHD+Corr. (d) MedSDF. 

Table 5.  Evaluation and comparison of synthetic colon generation among several baselines and 

state-of-the-art-models and our multiscale cross-attention model with 1 level of latent grids of  
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𝑍𝐷
(5)

, 𝑍𝐶
(5)

. 435 unconditional colon meshes were generated by each model and then compared to 

the full cohort of 435 ground truth colon meshes belonging to the HQColon dataset. “+Corr” 

denotes the model plus the correction network. 

Model MMD-CD↓ Set-P↑ Set-R↑ RMSR↓ DA-STD↓ MAR↓ 

DeepSDF [1] 0.002631 0.5678 0.5425 0.000611 5.211964° 1.360222 

MedSDF [13] 0.002428 0.3310 0.3241 0.001472 8.219325° 7.924783 

NDF [7] 0.003033 0.5333 0.5425 0.000696 11.710187° 1.555547 

SDF4CHD [6] 0.001211 0.8597 0.6781 0.000644 11.729441° 1.545792 

SDF4CHD+Corr 0.001206 0.8574 0.6850 0.000672 12.360881° 1.559860 

Our Framework 0.001031 0.8920 0.7287 0.000633 11.143069° 1.530602 

Our Framework+Corr 0.001045 0.8920 0.7333 0.000652 11.594596° 1.540349 

 
Fig. 8: Visual example of synthetically generated colon structures using different models in a 

voxel space of 2563 with their respective frontal view (up) and lateral view (down). (a) Proposed 

WNA Cross-Attention Model+Corr. (b) SDF4CHD+Corr. (c) NDF. (d) DeepSDF. (e) MedSDF. 

 

Table 6.  Nearest Neighbor Analysis of the Generated Colons against the training set and the test 

set. “+Corr” denotes the model plus the correction network. 

Model Prefers Training over Test Unseen test colons recovered 

DeepSDF [1] 56.3% 8/35 

MedSDF [13] 55.2% 4/35 

NDF [7] 54.9% 7/35 

SDF4CHD [6] 54.5% 8/35 

SDF4CHD+Corr 58.6% 8/35 

Our Framework 47.4% 13/35 

Our Framework+Corr 45.7% 14/35 
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5 Conclusions and Future Directions 

Our Multiscale Cross Attention Framework extends previous state-of-the-art SDF-

based machine learning models by (i) introducing multi-level deformation/correction 

latent grids to allow model variant to maneuver in between several degrees of 

complexities, (ii) introducing a wave-shaping neural encoding featuring learnable 

spectral scaling, and (iii) injecting type information through a compact token memory 

queried via cross-attention across all three decoders. Altogether, this architectural setup 

yields state-of-the-art patient-specific reconstructions and high-fidelity organ 

generation under specific latent grids dimensional setups. For the heart, the present 

framework produced quantitatively more realistic hearts in comparison to the ground 

truth, less surface irregularities/artifacts and more suitable meshes for further 

biomechanical modeling and simulations (e.g. Finite Element Analysis), given a mean 

aspect ratio score of 1.23 on its mesh’s triangular components. In terms of colon 3D 

modeling, qualitative evaluation of the outputs of our framework revealed less 

occurrence of artifacts, and higher anatomical fidelity in the generation task in 

comparison to other SDF-based machine learning as well as peak reconstruction of 

unseen colon geometries. Additionally, mesh quality metrics resulted to be acceptable 

for computational modeling downstream tasks. Finally, although all INR based models 

occasionally suffer from the memorization issue in the more complex 2563 voxel space, 

our framework generated quantitatively more accurate colons compared to the rest of 

the models with a slight decrease on the mesh quality metrics compared DeepSDF and 

after the correction module is the least train-biased and generates the most unseen test 

anatomies according to the nearest neighbor analysis. 

Future work will include noise and artifact reduction methods in 3D generation, 

investigation of model memorization and anti-memorization techniques in 3D space 

generation. Further labeling of the HQColon dataset by trained gastroenterologists, 

regarding both pathological labeling and morphological labeling, as well as specialized 

loss functions (not targeting only reconstruction) and the involvement of the colonic 

centerline data (taking advantage that the colon is a tubular structure with a very 

complex distribution in a 3D space) may also help INR-based methods better learn the 

overall healthy and pathological morphology of human colons. The colonic and overall 

gastrointestinal morphological data are very well documented in medical literature 

throughout decades. Machine learning models can also be given the ability to ingest 

these ground truth measurements to provide better outputs or employ post-processing 

steps to refine their outputs. Pathological labeling will also make the reconstruction task 

more meaningful as the proposed WNA Cross-attention framework and many 

conditional generation frameworks will not only be able to reconstruct the colons but 

also deform them to create several patient-specific virtual variations with one or more 

pathological conditions of the same specific colon. This ability would be highly 

regarded for the development of a patient specific digital twins of the colon or other 

organs. This paper concludes that the present INR-based methodologies are exceptional 

at characterizing, generating and deforming geometrically compact and carefully 

labeled organs, but struggle when characterizing complex morphologies when these 

morphologies have not been segmented in simpler subregions. 
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