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Abstract 
Natural history museums are building digital 3D archives at a scale that enables geometric 
morphometric analysis across thousands of specimens. Landmark-based analyses depend on 
anatomical priors and often exclude unidentified and incomplete specimens, which are 
abundant in collections and the fossil record. Continuous shape representations offer a 
landmark-free alternative that can be combined with neural networks to perform shape 
completion and classification. It is unknown how their morphospaces compare with landmarks or 
how accurately they perform. We present Vert-NSM, neural shape models for vertebrate 
biodiversity specimens, and apply them to squamate vertebrae, a well-represented, but 
challenging test case. Models were trained on 2,896 vertebral meshes from 95 specimens 
across 40 families, produced in part by the oVert digitization initiative. We evaluated shape 
completion, classification, and morphometrics of sparse landmarks, dense correspondences, 
and Vert-NSM latents. Shape completion accuracy reached 0.375% of a vertebral radius. 
Classification exceeded frequency-weighted chance at nearly every level tested, reaching 80% 
accuracy for the cervical spine and 90% for Cordylidae. Vert-NSM shared the dominant axes of 
variation recovered by landmarks, and identified shape differences that did not depend on 
anatomical priors. In downsampling experiments, models performed well when trained with at 
least 30 specimens. Vert-NSM has the potential to unlock discoveries from vertebrate 
collections at scale and in deep time.  
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1. INTRODUCTION 
​ Natural history museums are increasingly using X-ray micro-computed tomography 
(micro-CT) to create digital three-dimensional (3D) archives of biodiversity (Blackburn et al. 
2024; Hedrick et al. 2020; Lendemer et al. 2020; Nelson and Ellis 2019; Keklikoglou et al. 
2019). As archives like MorphoSource (www.morphosource.org) grow, they enable 3D 
geometric morphometric (GMM) analysis at phylogenetic and geographic scales that would 
have previously required decades of collection, preservation, and imaging (see for e.g., Gray et 
al. 2025; Gignac et al. 2024; reviewed in Borowiec et al. 2022). When repurposing archival data, 
three challenges to broad-scale analyses of vertebrate specimens remain. First, annotation 
(segmentation and landmarking) is time-consuming and requires taxonomic and anatomical 
expertise. Second, isolated and fragmentary specimens (e.g., fossils) are challenging to identify. 
Third, landmarking typically requires intact, identified specimens. 

Segmentation software now ranges from fully automated to human-in-the-loop 
approaches to produce 3D meshes (Diaz-Pinto et al. 2024; Ma et al. 2024; Rolfe et al. 2023; 
Isensee et al. 2021; Berg et al. 2019). Landmarking tools transfer points from an annotated 
template to thousands of specimens, with statistical shape models (SSMs) proving especially 
valuable for morphologically divergent specimens (Porto et al. 2026; Rolfe and Maga 2023; 
Zhang et al. 2022a; Porto et al. 2021; Boyer et al. 2015). As these approaches continue to 
improve for museum specimens, the accumulation of analysis-ready meshes and landmarks 
raises the question of what to do with them at scale. 
​ Landmarked meshes are typically analyzed in morphometric toolkits, such as R 
geomorph (Collyer and Adams 2024; Adams and Otárola-Castillo 2013; reviewed in 
Mitteroecker and Schaefer 2022), where generalized Procrustes analysis aligns and scales the 
data, principal component analysis summarizes morphospace trends, and linear models test for 
disparity and group effects (see for e.g., Tharakan et al. 2023; Watanabe et al. 2019). Such 
analyses hinge on condensing an entire 3D surface into a small set of discrete, homologous 
points that capture variation relevant to a hypothesis (Mitteroecker and Schaefer 2022; 
Watanabe 2018). If chosen poorly, landmarks introduce noise or miss interesting morphology, 
especially across diverse taxa, where derived traits are present in some lineages and absent in 
others. Shape representations that do not depend on discrete, homologous points remove the 
challenges of landmark selection, and enable analysis of fragmentary specimens. 

Landmark-free alternatives have been proposed for over fifteen years, some quantifying 
shape from dense anatomical correspondences and others comparing entire shapes on a 
manifold (Porto et al. 2026; Mulqueeney et al. 2024; Rolfe and Maga 2023; Porto et al. 2021; 
Toussaint et al. 2021; Schlager 2017; Pomidor et al. 2016; Koehl and Hass 2015; Boyer et al. 
2011). It remains untested whether such methods recover the same patterns as landmarks at 
scale. A signed distance function (SDF) describes a surface implicitly, assigning negative, 
positive, and zero values to points sampled inside, outside, and on the boundary (Osher and 
Fedkiw 2003). DeepSDF learns to approximate SDFs for novel shapes, encodes shapes 
compactly, and reconstructs meshes at almost infinite resolution (Park et al. 2019). Gatti and 
colleagues extended this SDF-based approach to biomedical data with Neural Shape Models 
(NSM), which pairs query points with features from three orthogonal planes rather than a voxel 
grid, giving the decoder local context at a fraction of the cost (Gatti et al. 2025; 643 voxel grid: 
262,144 cells; 3 x 642 planes: 12,288 cells).  

http://www.morphosource.org
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While landmark-based methods estimate missing structures through symmetry or 
reference-based transforms (Dumoncel et al. 2016; Arbour and Brown 2014; Mitteroecker and 
Gunz 2009), models like NSM use a learned shape prior to complete partial surfaces 
constrained by variation in the training data. In addition to handling partial specimens, similar 
shapes also sit near each other in the latent space, so an encoded shape can be encoded and 
matched against references to produce a candidate shortlist for expert review. 

In the present study, we extend NSM (Gatti et al. 2025) for use with vertebrate 
biodiversity specimens (hereafter Vert-NSM, NSM for Vertebrates) and apply it to squamate 
vertebrae, a challenging test case that is well-represented in museum collections and the fossil 
record. Squamate vertebrae preserve variation related to spinal position and taxonomy 
(Hoffstetter and Gasc 1969; Etheridge 1967), yet many specimens remain unidentified since 
diagnostic characters are concentrated in the skull and jaw (Tschopp 2016). Our dataset 
contains roughly 3,000 vertebrae from 40 families, produced in part by the oVert digitization 
initiative (Blackburn et al. 2024). We report our implementation of Vert-NSM (encoding 
strategies, auxiliary losses, and minimum training dataset size) and evaluate trained models for 
three tasks relevant to museum collections: completing partial specimens, classifying unknown 
specimens, and testing whether latent morphospaces recover the patterns of landmark-based 
geometric morphometrics. 
 
2. MATERIALS AND METHODS  
2.1. Code and data availability 

Vert-NSM is open source, written in Python 3.10, and available on GitHub 
(https://github.com/3D-fossils-Haag/vert-nsm). The README and wiki contain tutorials and the 
paper directory documents all analysis, table, figure, and interactive rendering scripts. 
Interactive plots, 3D renderings, and videos are available 
(https://3d-fossils-haag.github.io/vert-nsm-figs/; hereafter, Vert-NSM figures site). Micro-CT data 
were produced by oVert and are on MorphoSource (Blackburn et al. 2024; Table S1; 
https://www.morphosource.org/projects/000368762). Training data 
(https://huggingface.co/datasets/BioVisionLab/train_data), trained models, config files, training 
logs, and evaluation outputs (https://huggingface.co/BioVisionLab/models) are on Hugging 
Face. Figures 1–4 were arranged using Inkscape 1.4.4. Hardware, preprocessing settings, loss 
formulations, and evaluation metrics are detailed in the supplementary materials and methods 
(File S1).  

 
2.2. Training data 

To capture the phylogenetic and ecological diversity of lizards, we selected 95 
specimens representing 33 of 37 lizard families, all six amphisbaenian families, and a tuatara as 
a squamate outgroup (Pyron et al. 2013; File S2). Specimens span five life history strategies: 
arboreal, fossorial, grass-swimmer, saxicolous, and terrestrial (following groups in Meiri et al. 
2023, with grass-swimmer added to distinguish between limb-reduced groups, as in Camaiti et 
al. 2021). Vertebrae were segmented and saved as PLY meshes in VGStudioMax v.2026.2 
(Volume Graphics, Heidelberg, Germany). The final dataset size was 2,896 meshes and 
includes all presacral vertebrae except the atlas and axis. Sparse landmarks (N=28) were 

https://github.com/3D-fossils-Haag/vert-nsm
https://3d-fossils-haag.github.io/vert-nsm-figs/
https://www.morphosource.org/projects/000368762
https://huggingface.co/datasets/BioVisionLab/train_data
https://huggingface.co/BioVisionLab/models
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applied to meshes following Bourque and Stanley (2025). Figure 1 shows landmarked 
vertebrae for life history groups and the mean mesh.  

Meshes and landmark files were imported into 3D Slicer 5.11 (Kikinis et al. 2014). 
MorphoWeave was used to build a statistical shape model (SSM), generate dense anatomical 
correspondences (N=4943), a mean mesh, and mean sparse landmarks (N=28; Figure 1), and 
to align and scale all meshes (Porto et al. 2026). Surfaces were denoised using the Surface 
Toolbox module (File S1). Detailed preprocessing steps are on the Vert-NSM wiki. Dense 
correspondences and mean landmarks are rendered interactively on the mean mesh (Vert-NSM 
figures site).   
 
2.3. Model Training 

The baseline Vert-NSM model is a triplanar autodecoder, adapted from Gatti and 
colleagues (2025; https://github.com/gattia/nsm; Figure 2). It uses a hybrid explicit–implicit 
architecture where shape is represented as a signed distance function (SDF; Park et al. 2019). 
To obtain ground truth SDFs, meshes were centered and scaled to a unit sphere by maximum 
radial distance and 500,000 points were sampled per mesh: 40% near the surface (Gaussian 
σ=0.0158), 40% further out (σ=0.05), and 20% uniformly distributed. Each training batch 
subsamples 17,000 of these query points per mesh, balanced between positive and negative 
SDF values.  

Since the framework lacks an encoder, each mesh is randomly assigned a 
512-dimensional latent (global z), which is iteratively optimized with network weights. The global 
z is decoded by a five-layer convolutional network into three orthogonal feature planes. Each 
query point is projected onto the planes, its features read by bilinear interpolation and summed 
into a point-specific local latent (local z). The local z and the point's coordinates are passed to a 
three-layer multilayer perceptron (MLP) that predicts the signed distance, which is compared 
with ground truth values under L1 SDF reconstruction loss. Global z is regularized by L2 loss.  
Gradients minimize these losses, updating the network weights (reconstruction loss only) and 
the latents (both losses; Gatti et al. 2025).  

Two custom loss functions were evaluated to encourage taxonomic structure in the latent 
space for classification tasks — hierarchy loss and contrastive loss (File S1). Unlike the 
BioCLIP implementation (Stevens et al. 2024; Zhang et al. 2022b), which embeds and aligns 
taxonomic labels with samples, both act directly on the global z and are optimized jointly with L1 
and L2 losses. Contrastive loss follows InfoNCE (Radford et al. 2021; van den Oord et al. 2019), 
operating at the species level alone, pulling each latent toward its own species mean and 
repelling it from other sampled means (weight=0.02, temperature=0.2, negatives per 
anchor=32). The hierarchy loss attracts same-species latent pairs and repels all others, with 
margins scaled by taxonomic distances (0.2 within genus, 0.4 within family, 0.8 between 
families; weight=0.001, warmup=200 epochs).  

Models were trained using random 80-15-5 train-test-validation splits (N=2316, 434, 146 
meshes). Training for 2000–3000 epochs took approximately 14 hours on a single GPU with 48 
GB VRAM (File S1).  
 
2.4. Model inference and evaluation 

https://github.com/gattia/nsm
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​ As an autodecoder, NSM lacks an encoder to directly map novel meshes to latents. 
Encoding is either by latent optimization or with a separately trained encoder. For optimization, a 
latent is initialized and optimized under L1 loss against SDF ground truth samples. For the 
encoder, a latent is predicted from near-surface samples (|SDF|<0.01) and optionally refined. 
For both, SDF samples were drawn as in training. Shape completion is more sensitive to 
encoding, since small latent errors can yield noisy, implausible surfaces, while classification is 
comparatively robust, depending only on the relative position of an encoding (Figure 3). 

For shape completion we evaluated three encoding strategies: two-phase optimization, 
the encoder only, and the encoder with refinement. In two-phase optimization, a latent is 
initialized at the mean with a small random offset (1% SD) along the top principal components 
(99% of latent variance), then optimized against partial mesh SDF samples. The first phase 
establishes an approximate latent position. The second refines it to recover finer surface details. 
The PointNet encoder passes 2,048 surface points through a four-layer shared MLP, max pools 
them into a global descriptor, and maps it to the NSM latent through three fully connected layers 
(Qi et al. 2017). It was trained on reconstructed shapes with random fragmentation and added 
noise. Predicted SDFs were converted to surfaces by marching cubes on a 256³ grid= 
(Lorensen and Cline 1987). Parameters were determined by grid search over 15 trials, each 
scored as mean Chamfer distance across 30 validation meshes, with the best configuration 
applied to 50 validation meshes (Table S2).  

Classification used a single encoding phase. A latent is initialized at the mean with a 
small random offset (1% SD) along the top principal components (95% of latent variance), then 
optimized for 1,000 iterations with Adam (lr=1×10⁻³) under L1 loss.  
​ Best inference parameters for shape completion and classification determined above 
were used to evaluate model performance for train-test-val datasets.  
 
2.4.1. Shape Completion 

Meshes were synthetically fragmented using seven homologous segments generated 
with MorphoWeave (Porto et al. 2026). One segment was subtracted from every mesh following 
procedures on the Vert-NSM wiki. Partial meshes were passed to the model for inference and 
completed surfaces were compared against ground truths using symmetric Chamfer distance 
and inference time (Figure 3). Distances are in normalized units, where one corresponds to the 
maximum radial distance from the vertebral centroid (roughly the vertebral radius). Chamfer 
distance is reported as a percentage (CD x 100; e.g., raw CD of 3.75×10⁻³ becomes 0.375%), 
with lower values indicating better reconstruction.  

 
2.4.2. Classification 
​ Classification was by nearest-neighbour retrieval. Each query vertebra was encoded to a 
latent and compared by cosine similarity against the gallery of training latents. Train latents were 
re-encoded with the same parameters as test and validation splits for better comparability. A 
query is correct under Top-1 accuracy if the nearest neighbor carries its true label, and under 
Top-5 if its true label appears in the five nearest. Top-5 reflects the more realistic use case for 
herpetologists, collection managers, and researchers, where a ranked shortlist provides 
reference specimens to check against an unknown vertebra. 
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​ Accuracy was assessed for spinal position (region: cervical, thoracic, lumbar; and 
normalized position in 20% bins), taxonomy (species, genus, family, broad taxonomic group), 
and life history strategy. To maximize taxonomic diversity, training data was randomly split by 
vertebra rather than by specimen, meaning vertebrae from one individual appear across data 
splits. Since retraining a model for each held-out specimen was not computationally feasible, 
two masking levels were used. Leave-one-vertebra-out (LOO) hides only the query vertebra, 
leaving other vertebrae from the same specimen available. Leave-one-specimen-out (LOSO) 
hides all vertebrae from the query specimen, so a correct match must come from a different 
individual. LOO approximates inference of a vertebra whose parent taxon is in the training data 
and LOSO approximates generalization to out-of-distribution data. Accuracy was also compared 
against frequency-weighted chance (File S1). 

Under LOSO, masking can leave a query with no gallery entries at a given taxonomic 
level. For example, a species represented by a single specimen is excluded from species-level 
accuracy, but still scored at genus and family level, following the phylogeny in File S2. 
Sphenodon (Rhynchocephalia, non-squamate outgroup) and Dibamus (Dibamidae, sister to all 
other squamates) were singleton specimens and excluded from taxonomic analyses. 
Amphisbaenia lack spinal regionalization and were excluded from spinal region analysis. 
Per-class Top-1 and Top-5 recall under LOSO were correlated with the number of specimens 
and vertebrae per broad taxonomic group across splits using Spearman's ρ.  
 
2.5. Minimum training dataset size 

To evaluate robustness to training dataset size, we drew subsets of 10, 30, 50, and 70 
from the full 95 specimen dataset, stratified by broad taxonomic group (≥2 specimens per group 
where possible; File S3). Subsets were split 80-15-5, then trained and tuned as described 
above. For evaluation, meshes held out from training sets of all models (N=138) were used to 
score shape completion and classification.  
 
2.6. Comparison with landmark-based approaches 
​ Geometric morphometric analyses were implemented in Python following R geomorph 
(Collyer and Adams 2024; Adams and Otárola-Castillo 2013) to compare NSM latents against 
sparse landmarks and dense correspondences. Data checks for scaling, alignment, and 
symmetry supported analysing all three representations in full (File S1).  
 
2.6.1. Morphospace exploration and dimensionality reduction 
​ Given the dimensionality of NSM latents (512-d), we compared principal component 
analysis (PCA) against two non-linear methods, t-distributed stochastic neighbour embedding 
(t-SNE) and Uniform Manifold Approximation and Projection (UMAP) for sparse landmarks, 
dense correspondences, and latents. All morphospace analyses used the training split (N=2316 
vertebrae). PCA was computed on Procrustes shape coordinates for sparse landmarks and 
dense correspondences (as in gm.prcomp in R geomorph) and on mean-centered latent vectors 
for NSM (scikit-learn; Pedregosa et al. 2018). For t-SNE and UMAP, inputs were capped at the 
first 50 PCs with the same parameters used across representations (File S1).  
​ Functional morphology signal in morphospace was assessed by linear discriminant 
analysis (LDA) for life history classes on principal component scores, retaining 90%, 95%, and 
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99% of cumulative variance. Given the number of components relative to specimens (NSM 
latents: 266–466; landmark approaches: 12–315), LDA used shrinkage-regularized covariance 
estimation (eigen solver with Ledoit–Wolf shrinkage in scikit-learn). Balanced accuracy under 
five-fold cross-validation is reported (Table S8). This analysis is descriptive and shows group 
arrangement in each morphospace rather than classification performance (see 2.4.2).  
 
2.6.2. Geometric morphometrics 
​ To test whether principal component space is shared across representations (sparse 
landmarks, dense correspondences, and NSM latents), we computed pairwise Spearman's rank 
correlations for PC1–PC4 scores with Bonferroni correction. Since the sign and ordering of 
principal components are arbitrary, |ρ| is reported and each component matched to its strongest 
counterpart in the other representation. 
​ We interpreted morphology of principal components by traversing PC1–PC4 in four even 
steps spanning 1.5 times the observed range of scores from minimum to maximum. For sparse 
landmarks, the consensus configuration was displaced along the corresponding eigenvector at 
each step, then used to warp the mean mesh by thin-plate spline (TPS; following warpRefMesh 
in R geomorph). For NSM, latents were displaced along each component from the specimen 
nearest the latent mean and decoded directly into meshes. NSM PC1, PC3, and PC4 were 
reversed in the figure to match landmark rows. 
​ To test for group-level differences across NSM and landmark morphospaces, 
morphological disparity was computed as Procrustes variance per family and life history 
category (999 iterations; following morphol.disparity in R geomorph). Since raw Procrustes 
variance from the 512-dimensional latent space and the 84-dimensional landmarks (28x3=84) 
are not comparable, groups were compared by rank from most to least disparate. Reported 
ranks are from mean-centered, PCA-reduced latents (84 PCs, retaining 72.9% of latent 
variance), which agreed closely with full-dimensional ranks, ruling out dimensionality artifacts 
(ρ=0.961 for families, 1.000 for life histories; Tables S6-S7).  
 
2.7. Approaches unique to NSM 

In addition to shape completion and classification, the continuous latent space enables 
interpolation between any encoded latents and has no equivalent in landmark-based 
approaches. Two series were generated: saxicolous (Gerrhosauridae: Cordylosaurus 
subtessellatus) to grass-swimming (Cordylidae: Chamaesaura aenea) to fossorial 
(Trogonophidae: Diplometopon zarudnyi) and varanid lizard (Varanidae: Varanus komodoensis) 
to parviraptorid fossil (Parviraptoridae: Breugnathair elgolensis) to homalopsid snake 
(Homalopsidae: Homalopsis buccata).  

For endpoints drawn from the training set, a mean latent was computed across that 
specimen's thoracic vertebrae. For the fossil and snake endpoints, a latent was encoded with 
PointNet followed by 500 refinement iterations (lr=1×10⁻³, λreg=1×10⁻⁵). Intermediate shapes 
were generated by linear interpolation at five evenly spaced steps and decoded to surfaces.  
 
3. RESULTS 
3.1. Vert-NSM models 
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Shape completion and classification improved substantially as training set size increased 
from 10 to 30 specimens: shape completion by 20% (mean CD) and classification of normalized 
spinal position by 17% (Top-1 LOSO). Beyond 30 specimens, shape completion plateaued, 
gaining less than 5% additional accuracy up to 95 specimens, while classification continued to 
improve (Figure S1; Tables S9–S10; File S3). We recommend a minimum of 30 taxonomically 
diverse specimens for either task, with additional gains for classification from larger datasets. 
Demo notebooks for shape completion and classification are available in Google Colaboratory 
through the Vert-NSM GitHub. 

 
3.1.1. Shape completion 

The PointNet encoder with refinement (iterations=500, LR=1×10⁻³, LR scheduler 
step=300, gamma=0.9) achieved the best reconstruction. Compared to the base model with 
two-phase optimization, Chamfer distance was roughly half (CD=0.375–0.384% versus 
0.612–0.794%) and inference was 7.4 times faster (26.7 s versus 198.45 s; Figure 4; Table 1; 
Table S2; File S4). The encoder alone was fastest (6.53 s), but had the highest reconstruction 
error (CD=0.963–0.978%), meaning refinement recovers accuracy at a fraction of the cost of full 
two-phase optimization. 

Encoder-based approaches (with and without refine steps) generalized best across 
train-test-val splits, with chamfer distance varying less than 3% versus over 20% for other 
approaches (Figure 4C). Baseline, hierarchy, and contrastive models had comparable accuracy 
on held-out data (test CD=0.781–0.785%) and differed mainly in inference time (198.45s, 
133.30s, and 167.07s, respectively).  
 
3.1.2. Classification 

Baseline, hierarchy, and contrastive models performed comparably, with differences 
generally under one percentage point across splits (Table 2; Table S3). As neither custom loss 
function yielded a consistent improvement, the baseline was selected for subsequent analyses. 

Accuracy varied with masking strategy. For genus, Top-1 to Top-5 accuracy was 
96.0–99.8% under LOO and 39.1–65.2% under LOSO (chance 2.5–13.5%). For normalized 
spinal position, it was 75.9–98.6% under LOO and 52.0–86.3% under LOSO (chance 
20.2–67.2%).  

Confusion matrices show Top-1 results under LOSO using the train split, which provides 
the largest, most diverse sample (Figure 5). Vertebrae at the extremes of the spinal column 
classified most reliably, while mid-column vertebrae were confused with adjacent positions 
(Figure 5A,D). Among life history groups, grass-swimmer (75%), fossorial (70%), and 
saxicolous (67%) classified best, while arboreal were more often mistaken for terrestrial than 
correctly identified (49% versus 22%; Figure 5B). For broad taxonomic group, Cordylidae 
classified most accurately (90%), followed by Amphisbaenia (81%) and Gekkota (64%). 
Scincidae and Xantusiidae were poorly classified (10% and 0%; Figure 5C). Top-1 accuracy 
increased with number of vertebrae per class (ρ=0.69–0.78, P=0.014–0.041 across splits), but 
not with number of specimens (ρ=0.51–0.61, P=0.08–0.16; Tables S4-S5).  
 
3.2. Landmarks versus latents 
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To establish whether NSM latents recover the morphological patterns available from 
landmark-based analysis, we compared morphospaces of sparse landmarks, dense 
correspondences, and NSM latents. 
 
3.2.1. Morphospace exploration and dimensionality reduction 

Taxonomic signal was recoverable from all three morphospaces, but landmark-based 
representations concentrated it in early linear axes, while NSM latents required the full space  
(Figure 6). PC1–PC2 accounted for 53.6% of variance in sparse landmarks, 66.2% in dense 
correspondences, and 20.2% in NSM latents, while PC3–PC4 accounted for 14.0%, 11.2%, and 
9.4%, respectively. All representations separated Amphisbaenia on PC1–PC2 and Cordylidae 
on PC3–PC4, where landmark representations additionally separated Gekkota. Non-linear 
ordination recovered consistent structure across all three, with Amphisbaenia, Gekkota, and 
Cordylidae distinguishable in t-SNE and UMAP.  

Life-history separability in LDA differed by variance threshold (Figure 7). NSM latents 
gave the clearest separation at the 90% and 95% thresholds, resolving fossorial and 
grass-swimming taxa, with terrestrial and saxicolous sharing a cluster. Landmark-based 
representations separated only fossorial taxa. At 99%, NSM was more diffuse and dense 
correspondences separated the most cleanly. Arboreal taxa were poorly resolved throughout. 
Cross-validated accuracies were stable across thresholds for NSM (0.896–0.904) but rose with 
dimensionality for landmarks (0.706–0.790 sparse, 0.674–0.943 dense; Table S8). Interactive 
PCA, t-SNE, UMAP, and LDA plots are available (Vert-NSM figures site).  
 
3.2.2. Geometric morphometrics 

Sparse landmarks and dense correspondences recovered comparable axes of shape 
variation (Figure 8). Their first two components were near-identical (|ρ|=1.00 for PC1 and 0.95 
for PC2), while the third and fourth were partially transposed (sparse PC3 to dense PC4: 
|ρ|=0.73; sparse PC4 to dense PC3: |ρ|=0.62). NSM latents shared their principal axis with both 
landmark representations (NSM PC1 to sparse PC1: |ρ|=0.79; NSM PC1 to dense PC1: 
|ρ|=0.78). NSM PC4 recovered variation expressed on landmark PC3 (|ρ|=0.70) and on dense 
PC3 and PC4 (|ρ|=0.60 and 0.56). NSM PC2 and PC3 lacked strong correspondence with either 
(|ρ|≤0.52). All correlations with |ρ|≥0.10 were significant after Bonferroni correction.  

PC1 is an anteroposterior elongation axis along the spinal column for sparse landmarks 
and NSM latents (Figure 9). The remaining axes describe subtler variation and differ between 
representations. Landmark PC2 transitions from a tall, narrow vertebra with an elongated neural 
spine to a short, wide vertebrae with a reduced spine. NSM PC2 shows a similar, but less 
pronounced progression with additional widening and thickening of the postzygapophyses. NSM 
PC3 produces an implausible biological shape (columns 3–4), indicating that traversal and 
reconstruction are unreliable in regions of latent space sparsely populated by the training data. 
Videos of PC1-PC4 traversal are available (Vert-NSM figures site).  
 
3.2.3. Morphological disparity  
​ We evaluated group-level differences in morphological disparity across NSM and 
landmark morphospaces using ranks (1–40, most to least disparate; Figure 10; Figure S2). 
Pooled by life history, NSM latents recovered greater disparity for every strategy except 
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arboreal, with the greatest difference for fossorial taxa (Figure S2). At the family level, NSM 
ranked 22 of 40 families as more disparate than landmarks (bold family names in Figure 10), 18 
of which had displacements of more than 8 ranks (colored data points). For fossorial families, all 
but three (Trogonophidae, Rhineuridae, Pygopodidae) were ranked as more disparate under 
NSM, with displacements of 12 to 18 rank positions for Dibamidae, Lanthanotidae, and 
amphisbaenian families. Almost all arboreal families ranked more disparate under landmarks, 
with large differences for Corytophanidae (25 ranks) and Chamaeleonidae (34 ranks), and 
Diplodactylidae effectively tied (1 rank). Disparity values are in Tables S6–S7. 
 
3.3. Approaches unique to NSM 

The continuity of latent space allows interpolation between any two encoded specimens. 
Interpolating from saxicolous to grass-swimming, the neural spine becomes taller, the centrum 
elongates, and the transverse processes reduce and incline posteriorly (Figure 11). From 
grass-swimming to fossorial, the neural spine and postzygapophyses merge and shorten and 
the articular surfaces of the prezygapophyses are more medially inflected. 

From lizard to parviraptorid, the neural spine shortens anteroposteriorly, the 
postzygapophyses reduce, the neural canal becomes larger, and the condyle of the centrum 
shifts from broad and ovoid to circular (Figure S3). From parviraptorid to snake, 
postzygapophyses broaden and a zygantrum forms, the condyle of the centrum maintains 
shape but reduces in size, and a hypapophysis emerges.  

 
4. DISCUSSION 
4.1. Reproducible, quantifiable shape completion and classification 

To our knowledge, Vert-NSM is the first tool for quantitative, reproducible shape 
completion and classification of unknown and fragmentary 3D biodiversity specimens. Partial 
specimens were completed to within 0.375% of a vertebral radius, enabling inclusion of 
fragmentary material for future comparative analyses (Table 1). Sufficient model performance 
was achieved by training with 30 taxonomically diverse specimens, though classification 
continued improving with more specimens (Figure S1). Shape completion needs enough 
variation to constrain a plausible surface, while classification depends on coverage, with 
additional specimens extending the range of possible taxonomic matches. 

Squamate vertebrae are historically underutilized for taxonomic inference, as diagnostic 
features are concentrated in the skull and jaw (Tschopp 2016), yet we recovered signals for 
taxonomy and spinal position in line with classic approaches (Hoffstetter and Gasc 1969; 
Etheridge 1967). Classification exceeded chance at every level and class tested, except 
arboreal (life history; Figure 5B), and Scincidae and Xantusiidae (broad taxon; Figure 5C). 
Genus Top-1 accuracy reached over 15 times random chance (LOSO: 39.1–44.7%; chance: 
2.5–2.9%; Table 2). Top-1 normalized spinal position reached almost three times random 
chance (LOSO: 52.0–55.5%; chance: 20.2%; Table 2), rising to 73% accuracy in the 
anteriormost 20% of the column (Figure 5A).  

Neither task has an established benchmark, so results carry caveats. Data splits were 
drawn by mesh rather than specimen, meaning vertebrae from one individual appear in training 
and test sets. Although LOO and LOSO masking approximate held-out vertebrae and 
specimens during retrieval, models were trained with all taxa. Fragmentation was synthetic, 
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removing one of seven SSM-defined segments. Modelling breaks that approximate real damage 
and taphonomy may benefit future applications with fossils.  

 
4.2. Classification depends on sample size and morphology 

Spinal position is the dominant axis of variation in the dataset, recovered as PC1 in all 
representations (Figures 8–9), and was predicted consistently across splits (Figure 5A, D; 
Table 2). Taxonomic predictions were more uneven (Figure 5C), with three patterns explaining 
most of the spread: groups with more vertebrae classified better, groups that occupied tight 
clusters of morphospace classified better, and groups with diverse within-group morphology 
classified worse.  

Top-1 recall increased with the number of vertebrae per class (ρ=0.69–0.78, 
P=0.014–0.041 across splits; Tables S4–S5), as expected for nearest-neighbour retrieval 
approaches. Best accuracy was for Amphisbaenia (570 vertebrae; 81%), Cordylidae (458; 
90%), and Gekkota (146; 64%), and all formed tight clusters in morphospace (Figure 5C; 
Figure 6). 

Sample size alone does not account for the remaining spread. The only two taxa that 
classified below random chance (14%) were Xantusiidae and Scincidae (Figure 5C). Low 
accuracy for Scincidae (10%), despite the same vertebrae counts as Gekkota (146; Table S4), 
may reflect its diversity of fossorial, grass-swimming, and terrestrial forms. Xantusiidae was 
represented by 35 vertebrae from two specimens and classified at 0%, as LOSO masking left a 
single reference specimen in the gallery.  

Removing same-specimen matches under LOSO reduced genus accuracy more than 
spinal position (genus: ~98% to ~42%; position: ~76% to ~52–56%; Table 2). Positional signal 
generalizes across individuals better than taxonomic signal. Since position dominates variation 
in the dataset, taxonomy and position may be better served by separate classifiers trained on 
disentangled components of the latent space 
 
4.3. Encoding drives performance 
​ The largest performance gain came from inference encoding methods. A PointNet 
encoder with refinement halved reconstruction error, ran 7.4 times faster, and generalized best, 
with error varying by less than 3% across splits, against more than 20% for the base model 
(Figure 4; Table 1; Table S2). Since autodecoder frameworks lack a learned encoder, every 
novel specimen requires optimization, which is slow and depends on initialization, learning rate, 
and iterations. Shape completion is especially sensitive to encoding. If a latent lands slightly off 
the learned manifold, it reconstructs into implausible shapes, as we observed for the maximum 
shapes of PC3 of NSM (Figure 9).  
 
4.4. Taxonomic losses did not improve the latent space 
​ Neither loss function improved classification over the base model, with differences under 
one percentage point across data splits (Table 2). Both assume that taxa separated by a given 
rank are equally distant in morphology, which does not reflect morphological or evolutionary 
patterns (Rusak et al. 2025). For example, Amphisbaenian families are far more disparate than 
most others in our dataset (Figure 10), yet hierarchy loss would separate them by the same 0.8 
margin applied to any between-family pair. Future efforts could replace discrete rank margins 
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with continuous phylogenetic distances under an evolutionary model, like Brownian motion (see 
for e.g., PhyloSDF by Lau and Choi 2026).  
 
4.5. Analyzing high-dimensional latents versus landmark data 

NSM latents concentrated less variance in their early principal components than 
landmark representations and showed little taxonomic structure under linear projection using 
PCA (PC1–PC2: 20.2% for NSM against 53.6% and 66.2% for sparse and dense; Figure 6). 
Nonetheless, NSM PC1 matched the dominant axis of variation for both landmark 
representations (|ρ|=0.79 and 0.78; Figure 8), and taxonomic structure was recovered by 
non-linear ordination (t-SNE, UMAP).  
​ Inspecting principal components is standard practice in geometric morphometrics, but in 
a 512-dimensional latent space, information is spread across too many components for linear 
projections to be interpretable. In LDA, NSM separated best at the 90% and 95% thresholds, 
but was diffuse at 99%, even though balanced accuracy was unchanged (0.896–0.904; Table 
S8; Figure 7). Across the same thresholds, landmark representation accuracy varied by up to 
27 percentage points, showing the importance of reporting results across a range of 
dimensions. Matryoshka Representation Learning and nested dropout could concentrate and 
disentangle information in early latent dimensions during training (Kusupati et al. 2022), allowing 
a small subset to be inspected like principal components, while retaining full-dimensional latents 
for other tasks. 
 
4.6. Landmark-free representations and future directions 

Landmarks can miss variation when structures are reduced or absent, while continuous 
shape representations can obscure localized differences. Morphological disparity ranks agreed 
for most families and life history strategies, and disagreed when distinctive features fell outside 
landmarked regions, or were too localized for NSM to register. The largest disagreements were 
for two morphologically distinctive families: Bipedidae (fossorial) ranked more disparate under 
NSM latents (19 ranks), while Chamaeleonidae (arboreal) ranked more disparate under 
landmarks (34 ranks; Figure 10). Fossorial taxa have a broad neural canal and a reduced or 
absent neural spine, which are poorly sampled by landmarks (Figure 1). Arboreal taxa 
concentrate variation in well-landmarked structures (tall neural spine and anteroposteriorly 
compressed centrum).  

Disparity measures variance in morphospace rather than direct morphological 
differences, so ranks between representations should be interpreted with caution. Latent 
variance is driven by global geometry, since L1 SDF loss weights all regions equally. Landmark 
variance is driven only by local geometry at the chosen points. For Vert-NSM, user-designated 
region weighting could emphasize morphologically important features while preserving 
full-surface coverage. Existing methods that automatically weight reconstruction errors in 
challenging regions offer a starting point (e.g., Huang et al. 2024; Furuya et al. 2023). Since 
landmarks were used to align and scale meshes in preprocessing, Vert-NSM is landmark-free 
only at analysis. Rigid atlas registration or pose-invariant training could remove this need. 
​ Latent interpolation offers a reproducible way to visualize morphological transitions, such 
as convergent limb reduction in fossorial and grass-swimming lizards (Figure 11). For 
parviraptorids, an early squamate lineage repeatedly reclassified on its mosaic of lizard- and 
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snake-like traits (e.g., Benson et al. 2025; Martinez et al. 2021; Caldwell et al. 2015), 
interpolation renders a continuous path between lizards, parviraptorids, and snakes (Figure 
S3). These are morphological intermediates, not ancestral states, and linear paths in latent 
space are unconstrained by phylogeny or development. Applying phylogenetic or developmental 
models during training (see 4.4) would constrain traversal to hypothesis-driven trajectories and 
support quantitative comparisons.  
 
5. CONCLUSIONS 
Vert-NSM used a shape prior learned from almost 3,000 meshes across 40 families to do shape 
completion and classification of squamate vertebrae. As a continuous shape representation, it 
shared the dominant axes of variation recovered by landmarks, and identified shape differences 
that did not depend on anatomical priors. Models performed well with as few as 30 
taxonomically diverse specimens. Vert-NSM has the potential to unlock discoveries from partial 
and disarticulated skeletal elements that are an abundant, but underutilized, part of museum 
collections and the fossil record. Future approaches should leverage models of phylogeny and 
development to structure the latent space and enable informed hypothesis testing in deep time.  
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FIGURES AND TABLES 
 
Table 1. Shape completion performance across data splits for synthetically fragmented 
vertebrae, measured as inference time (seconds) and mean and median Chamfer distance (%; 
lower is better; Figure 3). The PointNet encoder with refinement performed best (bold). See 
details in Figure 4 and raw data in File S4.  

 
 
 
Table 2. Top-1 / Top-5 classification accuracy for genus and normalized spinal position (20% 
bins) across data splits under leave-one-vertebra-out (LOO) and leave-one-specimen-out 
(LOSO) sampling. All predictions reported are above frequency-weighted chance. Class counts 
differ due to masking criteria. See Top-5 LOSO performance with the base model (bold) in 
Figure 5 and raw data in Table S3.  

 



Wolcott et al. 26 - Vert-NSM - 21 

 
Figure 1. Example vertebrae and landmarks for each life history category (Arboreal, Fossorial, 
Grass-swimmer, Saxicolous, Terrestrial) and the mean specimen. Shown in lateral (side) and 
posterior (back) views. An interactive rendering of the landmarked mean is available (Vert-NSM 
figures site). 
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Figure 2. Vert-NSM triplanar autodecoder architecture. Each vertebra’s 512-dimensional latent 
(global z) is decoded by a convolutional network into XY, XZ, and YZ feature planes. Features at 
each query point (P) are interpolated into a local latent (local z) and passed with P’s coordinates 
to an MLP that predicts the SDF. L1 reconstruction loss compares predicted and ground truth 
SDFs and updates network weights and latents, while L2 loss regularizes global z. The 
orthoslice shows SDF sampling (negative inside, positive outside).  
 

 
Figure 3. Inference and evaluation for novel meshes: encoding with latent-space visualization of 
nearest neighbors (left), shape completion (top right), and classification (bottom right). In shape 
completion, meshes were synthetically fragmented using seven SSM-defined segments (Porto 
et al. 2026), completed, and evaluated against ground truths by Chamfer distance. In 
classification, nearest-neighbors produce a candidate list, scored as Top-1 and Top-5 accuracy 
under leave-one-vertebra-out (LOO) and leave-one-specimen-out (LOSO) masking.  
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Figure 4. Shape completion performance for synthetically fragmented vertebrae: (A) Chamfer 
distance, (B) accuracy–speed tradeoffs, and (C) generalization across splits. The PointNet 
encoder with refinement performed best (CD=0.375–0.384%) and was 7.4× faster than the base 
model.   
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Figure 5. Top‑1 classification performance of the base model under LOSO: (A) normalized 
spinal position, (B) life history strategy, (C) broad taxonomic group, and (D) spinal region. Cells 
show accuracy (%) for true (rows) versus predicted (columns) classes. All predictions exceeded 
frequency-weighted chance (A: 20%; B: 25%; C: 14%; D: 39%), except Arboreal (B) and 
Scincidae and Xantusiidae (C). Accuracy was highest at spinal column extremes (A: 0-20%: 
73%; D: Cervical: 80%), for fossorial (70%) and grass-swimmer (75%) life history strategies (B), 
and for broad taxa Cordylidae (90%) and Amphisbaenia (81%; C). Raw values in Table S3.  
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Figure 6. Dimensionality reduction of training-set vertebrae under sparse landmarks, dense 
correspondences, and NSM latents (columns). Rows show PCA (PC1–PC2, PC3–PC4; 
variance explained on axis labels), t-SNE, and UMAP. Points are vertebrae colored by broad 
taxonomic group. Landmark-based representations concentrate more variance in early 
components than NSM latents (PC1–PC2: 53.6% and 66.2% versus 20.2%; PC3–PC4: 14.0% 
and 11.2% versus 9.4%) and reveal more taxonomic structure under PCA. t-SNE and UMAP 
recover similar structure across all three. Amphisbaenia separates in all plots. 
 
 

 
Figure 7. Linear discriminant analysis of life history categories for training-set vertebrae 
(N=2314), across sparse landmarks, dense correspondences, and NSM latents (columns) at 
90%, 95%, and 99% cumulative variance thresholds (rows; number of PCs shown per panel). 
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NSM separated classes best at 90% and 95%, and was diffuse at 99%, with balanced accuracy 
stable across thresholds (0.896–0.904; Table S8). Dense correspondences separated best at 
99%, with balanced accuracy benefitting from increased dimensionality (0.674–0.943). 
 

 
Figure 8. Pairwise Spearman’s rank correlation between PC scores of sparse landmarks, dense 
correspondences, and NSM latents. Sparse landmarks and dense correspondences recover 
near-identical PC1–PC2 (ρ=−1.00, +0.95), with PC3 and PC4 transposed. NSM shares PC1 
with both representations (ρ=−0.79, +0.78). Bold values are significant after 
Bonferroni-correction (p<0.05; 16 comparisons per panel). PC1–PC4 traversal in Figure 9. 
 

 
Figure 9. PC1–PC4 morphospace traversal for sparse landmarks (top) and NSM latents 
(bottom) in posterior (back; left) and lateral (side; right) views. Columns step from 1.5× the 
minimum to maximum observed scores. Landmark displacements warped the mean mesh by 
TPS. NSM latents were displaced from the specimen nearest the mean and decoded. PC1 
captures anteroposterior elongation in both representations. PC2 transitions from tall and 
narrow to short and wide, with additional widening of the postzygapophyses in NSM. NSM PC3 
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produces implausible geometry (columns 3–4), reflecting reconstruction artifacts in sparsely 
populated latent space regions. See Figure 8 and traversal videos (Vert-NSM figures site).  

 
Figure 10. Morphological disparity rank by family for sparse landmarks (open circles) and NSM 
latents (filled circles), grouped by dominant life history category (rank 1=most disparate). 
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Fossorial families ranked more disparate under NSM, while arboreal ranked more disparate 
under landmarks. Differences above 8 ranks (20% of families) shown in color, multiple-category 
families colored proportionally, and families with greater disparity under NSM in bold. Disparity 
pooled by life history in Figure S2, landmarked vertebrae in Figure 1, and raw values in Table 
S6.  
 

 
Figure 11. Latent interpolation between thoracic vertebrae: saxicolous (Gerrhosauridae: 
Cordylosaurus subtessellatus) to grass-swimming (Cordylidae: Chamaesaura aenea; left) and 
grass-swimming to fossorial (Trogonophidae: Diplometopon zarudnyi; right). Rows are evenly 
spaced decoded steps shown in lateral (left) and posterior (right) views.  
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SUPPORTING INFORMATION 
File S1. Supplemental Materials and Methods.  
 
File S2. Phylogeny of genera used in the present study, color coded by broad taxon and with 
family information annotated. Based on Pyron et al. 2013.  
 
File S3. Data splits used for downsample training experiments with 10, 30, 50, 70, 95 
specimens. 
 
File S4. Shape completion statistics for all models and data splits.  
 
Table S1. Specimen metadata including taxonomic and life history information used for analysis.  
 
Table S2. Best inference parameters used for models.  
 
Table S3. Classification metrics for all models, data splits, masking levels, and taxonomic or 
positional levels. Supporting data for Table 2. 
 
Table S4. Per-class Top-1 and Top-5 recall for the nine broad taxonomic groups under 
leave-one-specimen-out (LOSO).  
 
Table S5. Spearman correlations between classification accuracy and sample size. Produced 
using values in Table S4. 
 
Table S6. Morphological disparity by family. Procrustes variance and disparity rank in three 
representations: sparse landmarks (84 dimensions), NSM latents full (mean-centered, 512 
dimensions), and NSM latents reduced (reduced by PCA to 84 components). Supporting data 
for Figure 10 and Figure S2.  
 
Table S7. Morphological disparity by life history. Procrustes variance and disparity rank in three 
representations: sparse landmarks (84 dimensions), NSM latents full (mean-centered, 512 
dimensions), and NSM latents reduced (reduced by PCA to 84 components). Supporting data 
for Figure 10 and Figure S2.  
 
Table S8. Life-history trait separability under linear discriminant analysis (LDA). Balanced 
accuracy (mean±SD) across cross-validation, with retained principal components in 
parentheses (N=2314 vertebrae, 5 classes, chance = 0.2). Supporting data for Figure 7  
 
Table S9. Shape completion metrics from downsample training experiments. Supporting data 
for Figure S1. 
 
Table S10. Classification metrics from downsample training experiments. Supporting data for 
Figure S1. 
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Figure S1. Performance of models trained on 10–95 specimens, all scored on the same 138 
held-out vertebrae for shape completion (Chamfer distance) and classification (Top-1/Top-5 
accuracy under LOO and LOSO masking). Raw values in Tables S9–S10.  
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Figure S2. Mean morphological disparity rank by life history category for sparse landmarks 
(open circles) and NSM latents (filled circles; rank 1=most disparate). Bold labels indicate 
greater disparity under NSM. Disparity by family in Figure 10, landmarked vertebrae in Figure 
1, and raw values in Table S7.  
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Figure S3. Latent interpolation between vertebrae:  lizard (Varanidae: Varanus komodoensis) to 
fossil (Parviraptoridae: Breugnathair elgolensis) and fossil to fossorial snake (Homalopsidae: 
Homalopsis buccata). Rows are evenly spaced decoded steps shown in lateral (left) and 
posterior (right) views.  
 
 


