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Abstract. Deep learning methods for 3D shape generation and mesh-
based reconstruction have advanced rapidly; however, the relation be-
tween geometry and learned latent representations remains poorly un-
derstood, particularly for shapes. Existing explainable AI methods for 3D
shapes predominantly rely on gradient-based techniques, are architecture-
speci�c, or depend on end-to-end di�erentiability. These limitations chal-
lenge their implementation in non-di�erentiable pipelines of complex gen-
erative models. We propose RESHAPE, a model-agnostic framework for
latent representation explainability that does not require access to gra-
dients or internal model structure. RESHAPE estimates the geometric
importance of individual latent code components by applying stochas-
tic masking to the latent codes, reconstructing the perturbed shapes,
and statistically quantifying the geometric deviation of the resulting re-
constructions from the original. We demonstrate the properties of RE-
SHAPE on a controlled synthetic dataset and validate its practical rele-
vance on medical shape modeling tasks. Our framework enables (i) high-
lighting latent dimensions with strong geometric in�uence within the
latent spaces of models, (ii) generating latent saliency maps, and (iii)
separating primary shape-de�ning from stochastic latent dimensions.

Keywords: Representation explainability · Shape reconstruction · Ge-
ometric deep learning

1 Introduction

In recent years, deep learning research for 3D shape modeling has explored al-
ternatives to traditional voxel-based approaches [2], including implicit represen-
tations [21], point clouds [24], polygonal meshes [3], and implicit surfaces [26].
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Fig. 1. RESHAPE's framework schematic. Masked latent codes z̃ji are obtained by
perturbing optimized codes z∗i for shape i with M stochastic masks mj (j = 1, . . . ,M).
RESHAPE assigns importance scores ri(k) based on geometric similarity σ between
masked reconstructions and original shapes, which are used to identify the latent di-
mensions k that control shape geometry.

While these approaches o�er superior memory e�ciency and topological �exi-
bility, their latent spaces are still poorly understood. In this context, we want
to answer the question: what is the relation between latent vectors and shapes,
i.e., which dimensions a�ect what parts of the shape, and to what extent?

Answering these questions requires obtaining a better understanding of the
geometric abstractions within the latent spaces of shape-generative models. This
understanding can �nd several applications in medical tasks, e.g., identifying
latent factors associated with organ enlargement, deformation, or disease pro-
gression.

This is paramount in several applications, such as surgical planning, to sep-
arate latent factors that drive anatomy and encode nuisance variation, but also
more generally for auditing a reconstruction model, which is crucial for organ
remodeling and identifying atypical anatomies. Obtaining this understanding
requires models that are not only e�cient but also simple, therefore easy to
interpret. This is particularly true, especially in a medical setting, where com-
putational resources are limited, favoring models with smaller latent spaces over
foundational models.

In deep learning-based medical research, meshes are often used to model
organ shapes due to their inherent connectivity. However, end-to-end di�eren-
tiability is compromised in most mesh generation pipelines because they rely
on processing steps, such as Marching Cubes or mesh decimation, that break
the computational graph. Existing work has not directly quanti�ed the geomet-
ric e�ect of individual latent dimensions in non-di�erentiable shape-generation
pipelines. To address this gap, we propose representation learning for the explain-
ability of shapes (RESHAPE), a framework for shape generation that bridges
latent spaces and shape geometry. RESHAPE quanti�es the importance of la-
tent dimensions in terms of reconstructed geometry. This procedure does not
require gradient �ow through the renderer, is model-agnostic, and requires only
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access to latent codes and the corresponding reconstructed shapes. Our val-
idation experiments of RESHAPE on medical and synthetic meshes demon-
strate our framework's ability to (i) identify high-in�uence latent dimensions
within the latent spaces of the models, (ii) rank latent components to assess
the monotonic order of geometric in�uence, and (iii) separate primary shape-
de�ning latent dimensions from low-saliency, noisy, or stochastic dimensions.
RESHAPE provides both instance-level and dataset-level explanations of latent
representations (see Fig. 1). The implementation of RESHAPE is available at
https://github.com/RamiAlBel/reshape.

2 Related work

The explainability of representations in non-voxel-based deep learning models for
shape reconstruction remains an under-explored research area, a fact re�ected in
related limitations that hinder progress in this direction [23]. However, a signif-
icant amount of e�ort has been dedicated to similar directions, such as explor-
ing shape representations for 3D objects, ranging from voxels [6], point clouds
[16,12], meshes [14,4], implicit neural representations such as signed [18,19] or
unsigned distance functions [20], to occupancy networks [22], and radiance �elds
[13]. The choice of representation used depends on several factors, including
shape topology and memory scalability.

Despite increasing attention to representation learning in recent years [9],
the central focus is on disentangled latent spaces, where each latent dimension
encodes only one humanly understandable concept or factor of variation [5].
Other models explore the mapping from 3D point clouds to latent space using
Generative Adversarial Networks [10], but not the reverse.

Explainability involving shapes uses gradient-based methods for identifying
signi�cant shape components that drive downstream task decisions, e.g., clas-
si�cation [11] or 3D model generation from single-view images [27]. Some ap-
proaches combine both disciplines [7] by providing a disentangled latent space
and interpretable latent components that capture topology and shape, achieving
impressive results across diverse topologies, yet they do not explicitly quantify
per-dimension geometric in�uence of the latent spaces employed.

Overcoming the aforementioned limitations is not easy, which helps explain
why the interpretability of shape representations has stalled for so long. This
is further hindered by the lack of work on explaining latent representations for
shapes, which hinders the development of such methods and limits the availabil-
ity of comprehensive baselines.

We address these research gaps by providing a representation-level explain-
ability method relevant to shape modeling. Our occlusion-based approach draws
on prior work [25,17,15] to provide usable tools in the absence of an end-to-end
di�erentiable framework. We recommend readers familiarize themselves with our
used backbones, DeepSDF [18] and Deep Active Latent Surfaces [8], to better
understand the structure of the latent spaces we explore on this work.

https://github.com/RamiAlBel/reshape
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3 Methods

3.1 RESHAPE

RESHAPE's objective is to estimate both dataset-level latent code importances
r(k) and instance-speci�c importances ri(k) to explain shapes, through the per-
shape optimized latent codes {z∗i }

Ntest

i=1 . To achieve this, we use an occlusion-
based approach that stochastically masks latent components to assess their im-
portance by measuring the degradation in the reconstructed geometry.

Let mj ∼ Bernoulli(P )d ( for j = 1, . . . ,M ) be M distinct random d-
dimensional masks, where P is the probability of keeping a latent dimension. An
element-wise multiplication yields the masked latent codes as z̃ji = z∗i ⊗ mj .
Passing these through the decoder for each of the Ntest test samples yields
Ntest × M reconstructed meshes: Rj

i = f(z̃ji ), obtained through a model f ,
such as DALS, or DeepSDF.

The Chamfer Distance (DCD) is used to assess the reconstruction error
against the unmasked reconstruction Ri:

dji = DCD(Ri,Rj
i ) =

1

|Ri|
∑
x∈Ri

min
y∈Rj

i

∥x− y∥22 +
1

|Rj
i |

∑
y∈Rj

i

min
x∈Ri

∥y − x∥22. (1)

Converting these to normalized similarities σj
i ∈ [0, 1] is achieved by applying

a per-sample min-max inversion: σj
i = 1− (dji/maxj d

j
i ). This results in similar

shape pairs having similarity values near 1. WhileDCD is mainly used for de�ning
similarity, we also test against Hausdor� distance (HD95), as it better captures
worst-case surface deviations. In RESHAPE, the instance-speci�c importance,
ri(k), of latent dimension k for shape i is de�ned as the di�erence in expected
similarity when the dimension is retained versus when it is occluded:

ri(k) = EM

[
σj
i | mj(k) = 1

]
− EM

[
σj
i | mj(k) = 0

]
. (2)

Approximating through Monte Carlo integration simpli�es this to:

ri(k) ≈
1

MP (1− P )

M∑
j=1

σj
i (m

j(k)− P ). (3)

Obtaining a dataset-level importance requires aggregating ri(k) across test

shapes: r(k) = 1
Ntest

∑Ntest

i=1 ri(k). Sorting dimensions by decreasing r(k) yields a
ranked set of latent factors based on their geometric in�uence on shapes.

3.2 Data

A series of experiments on synthetic shapes with ground-truth importance veri-
�es the validity of RESHAPE, while experiments on medical shapes demonstrate
the method's usefulness for real-world applications (see Fig. 2).
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Synthetic shape Liver Pancreas Spleen

Fig. 2. An example per shape category used in this study, with meshes coloured by
surface normals.

Synthetic data: The synthetic dataset is generated using spherical harmonic
spectral coe�cients with the distance to the surface R being a function of
spherical angles θ, ϕ modeled by R(θ, ϕ) =

∑Lmax

l=0

∑l
m=−l cl,mY m

l (θ, ϕ), where
Y m
l (θ, ϕ) are the spherical harmonics base of degree l, and order m, cl,m are the

spectral coe�cients, and Lmax is the highest l limit. To obtain smooth shapes,
we impose a decaying trend of cl,m with l, and to produce a diverse dataset,

we sample cl,m values randomly through cl,m = N (0,1)
(l+1)α , where N (0, 1) denotes

the normal distribution and exponent α > 0 controls the energy decay of high-
frequency surface oscillations. In this dataset, the set of spectral coe�cients
{cl,m} comprises the latent code, which due to the bandwidth limit l ≤ Lmax
consists of

∑Lmax

l=0 (2l + 1) = (Lmax + 1)2 components.

Medical data: We extract 3D surface meshes from medical segmentation masks
from the Medical Decathlon Dataset [1] for the spleen (41 meshes) and liver
(126 meshes), both abdominal organs with topologically simple anatomies. To
assess performance in more complex topologies, we also include the pancreas
(277 meshes), due to its elongated and twisted geometry (see Fig. 1).

3.3 Experiments

Synthetic shape experiments: Our model's ability to rank latent code im-
portance is assessed on synthetic shape data using P = 0.5, M = 1000, α = 1,
and Lmax = 6, which results in (Lmax+1)2 = 49 spectral coe�cients.RESHAPE
should identify low-frequency coe�cients as important to validate the pipeline's
sensitivity. We also test saliency discrimination between salient and non-salient
features by expanding the spectral latent codes cl,m with 49 stochastic com-
ponents sampled from a Gaussian prior N (0, 1), which do not a�ect the shape
generation. This allows direct veri�cation of ranking correctness, not just con-
sistency.

Medical shape experiments: DeepSDF and DALS models are trained to re-
construct the geometry of abdominal organs, using P = 0.9, and M = 1000/200
for Chamfer-/HD95-based similarity, respectively. This generates one model per
combination of medical dataset and model, which is subsequently processed with
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the RESHAPE framework to estimate latent-code importance rankings (rk). The
faithfulness of our predictions is assessed by measuring the reconstruction error
(DCD), where the top-k dimensions of the latent code zi are iteratively replaced
by the dataset mean using Area Under the Curve (AUC) metrics. RESHAPE
is evaluated against random and variance-based baselines for latent dimension
removal. Kendall's τ is used to assess the monotonic correlation of the rankings,
while Precision@5 and Normalized Discounted Cumulative Gain (NDGC@5) are
used to measure top-k retrieval performance and position-aware ranking quality,
along with Rank Accuracy and Mean Absolute Error (MAE) to quantify the
exact rank matches and the average displacement of prediction ranks. As no
ground-truth latent importance exists, evaluation relies on indirect consistency
measures. Deletion AUCs are reported over test shapes with 95% con�dence
intervals, while RESHAPE's performance is compared to baselines using a one-
sided exact sign test across the six organ�model con�gurations.

4 Results and discussion

A quantitative summary of the synthetic data results is included in Table 1,
re�ecting perfect monotonic agreement (Spearman's ρ = 1.0, Kendall's τ = 1.0)
and top-5 accuracy (Precision@5 = 1.0). Individual and ranking metrics under-
score RESHAPE's accuracy in the presence of noise (NDCG@5 of 0.99 ± 0.01
and 0.97 ± 0.04), further demonstrating the framework's high �delity and ro-
bustness. RESHAPE's aggregated explanation across synthetic shape is shown
in Fig. 3, demonstrating the distribution of representation importance across l
andm, where a zero-to-low importance is assigned to stochastic latent code com-
ponents and a monotonic decay trend is observed for the importance of spectral
coe�cients of increasing order l (see Fig. 3). The medical results of RESHAPE
are shown in Fig. 4. These results qualitatively show RESHAPE's sensitivity
to changes in the identi�cation of high-in�uence latent dimensions through the
near-zero variance in the deletion curves and their associated variance bands.
RESHAPE displays an overall higher deletion AUC compared to the random
baseline (one-sided exact signed test, p = 0.016), with a median relative gain of
32% (10�43%). RESHAPE comparisons with the variance baseline reveal supe-
rior performance in four settings, and similar performance in two (p = 0.063).
These results underline RESHAPE's competitiveness in identifying important
latent dimensions. RESHAPE's importance suggests that latent importance is
not solely explained by variance; while this can occur, it is not always the case.
DeepSDF displays high sensitivity in its latent space, which is re�ected in the
curves' noisier appearance and greater overall variance (see Fig. 4). Such noise
features are not artifacts of RESHAPE, as it is model-agnostic, but a depic-
tion of the underlying modeling for shape reconstruction. DeepSDF's increased
sensitivity is attributed to its SDF-based modeling, as the mesh surface is im-
plicitly extracted from sampled signed distance values.RESHAPE importance
is recomputed using HD95, which focuses on worst surface errors. Yet, the de-
rived importance rankings correlate with the Chamfer-derived importances, as
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Fig. 3. Importance scores are aggregated across masks and test shapes for the spectral
(top) and stochastic (middle) components. The bottom panel displays aggregated im-
portance scores across spectral features of the same l and across stochastic components,
highlighting the relative importance identi�ed in the latent dimensions.

Table 1. Evaluation metrics are computed at two distinct evaluation levels: (1) Ag-
gregated (l-order) capturing ordering quality across harmonic orders (l=0-6), by aggre-
gating across shapes re�ecting global trends. (2) Individual re�ecting per-shape l-order
ranking metrics, obtained by aggregating through 100 synthetic shapes, and reporting
the mean ± standard deviation, to assess variance and consistency in identi�ed rank-
ing.

Level Localisation metric cl,m cl,m + N (0, 1)

Aggregated

Spearman (ρ) 1.0 1.0
Kendall (τ) 1.0 1.0
Precision@5 1.0 1.0

Individual

Spearman (ρ) 0.90± 0.11 0.83± 0.21
Kendall (τ) 0.82± 0.15 0.75± 0.23
Precision@5 0.90± 0.11 0.88± 0.12
NDCG@5 0.99± 0.01 0.97± 0.04
Rank Accuracy 0.79± 0.14 0.76± 0.15
Rank MAE 0.51± 0.39 0.65± 0.51
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0.0

0.1

DeepSDF
Spleen

RESHAPE (AUC=0.08 [0.06-0.10])
Variance (AUC=0.06 [0.05-0.08])
Random (AUC=0.06 [0.06-0.07])

Liver

RESHAPE (AUC=0.10 [0.08-0.13])
Variance (AUC=0.10 [0.08-0.13])
Random (AUC=0.07 [0.06-0.07])

Pancreas

RESHAPE (AUC=0.34 [0.27-0.41])
Variance (AUC=0.34 [0.27-0.40])
Random (AUC=0.26 [0.23-0.29])
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0.0

0.1
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RESHAPE (AUC=0.14 [0.12-0.16])
Variance (AUC=0.10 [0.09-0.10])
Random (AUC=0.10 [0.10-0.11])
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RESHAPE (AUC=0.14 [0.12-0.16])
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RESHAPE (AUC=0.11 [0.10-0.13])
Variance (AUC=0.10 [0.09-0.11])
Random (AUC=0.10 [0.10-0.11])

% of latent dimensions deleted

CD

Fig. 4. Deletion experiment results for three medical geometries: the spleen, liver, and
pancreas. The top block shows DeepSDF results, while the bottom block shows DALS
results. In all panels, RESHAPE is displayed in blue, the random choice of importance
ordering in green, and the variance-based estimation of important dimensions in orange.

revealed by Spearman ρ ≥ 0.97 across all organs, underscoring RESHAPE's
robustness.

While the choice ofM and P is application-dependent, over-masking (as indi-
cated by low P values) the latent code of DeepSDF a�ects reconstructed shape
geometry and can even lead to shape fragmentation. High P values estimate
poorly the second term of Eq. 2, requiring larger M to achieve the same level of
uncertainty. We generally advise starting with larger values of P and decreasing
P while monitoring convergence.

RESHAPE correctly identi�es and ranks features in the presence of stochastic
noise, enabling the analysis of latent spaces. This opens up applications in several
medical settings, including the study of chronic diseases in relation to induced
organ distortions. Other applications include anomaly detection, as RESHAPE
importances provide a weighting scheme for latent dimensions. RESHAPE's po-
tential for network pruning is evident in our deletion experiments, which provide
dimensionality-reduction tools that respect the reconstructed geometry.

In compact, simple models like DeepSDF and DALS, computational resources
are not a bottleneck, underscoring the ease of opening the black box of any shape-
generative model. RESHAPE's transparent, model-agnostic attributions come at
the cost of multiple forward passes for an accurate Monte Carlo approximation.
Still, it is e�ective in compact latent spaces, while RESHAPE's computational
cost is embarrassingly parallel, and it can also be balanced against attribution
precision by varying the number of masks to match a desired throughput in the
clinic, with processing time on the order of one second for M = 200. Its reliance
on masking parameters and chosen geometric similarity measure re�ects �exible
design choices that can be tuned to speci�c tasks. A promising direction is to ex-
pand this framework to learned mask generators, further reducing computational
cost [17] and enabling interpretability in larger models.
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5 Conclusions

We introduced RESHAPE, a model-agnostic framework for explaining latent
representations in 3D shape generation and reconstruction. By stochastically
masking latent codes and measuring geometric deviation from the original re-
construction, RESHAPE estimates the instance- and dataset-level importance of
latent dimensions without gradients or access to the model's internals. On syn-
thetic shapes, it recovers the expected ordering of low- to high-frequency factors
and suppresses noise dimensions. On medical organ meshes with DeepSDF and
DALS, it yields faithful importance rankings, consistently outperforming random
baselines in all settings (p = 0.016) and performing competitively with variance-
based baselines, while exposing latent sensitivity di�erences across models. Its
high throughput and performance highlight its clinical utility and potential im-
pact in organ remodeling, thereby enabling post-hoc interpretability across exist-
ing pipelines utilizing shapes without requiring modi�cations or di�erentiability.
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