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Fig.1: Anny is a unified, open and interpretable human parametric body model
aiming to capture the diversity of human shapes and ages, from infants to elders.

Abstract. Parametric body models provide the structural basis for
many human-centric tasks, yet existing models often rely on costly 3D
scans and learned shape spaces that are proprietary and demographi-
cally narrow. We introduce Anny, a simple, fully differentiable, and scan-
free human body model grounded in anthropometric knowledge from the
MakeHuman community. Anny defines a continuous, interpretable shape
space, where phenotype parameters (e.g. gender, age, height, weight)
control blendshapes spanning a wide range of human forms—across ages
(from infants to elders), body types, and proportions. Calibrated using
WHO population statistics, Anny provides realistic and demographically
grounded human shape variation within a single unified model. We re-
lease the Anny body model and its code under the Apache 2.0 license.
Thanks to its openness and semantic control, Anny serves as a versa-
tile foundation for 3D human modeling—supporting millimeter-accurate
scan fitting, controlled synthetic data generation, and Human Mesh Re-
covery (HMR). We further introduce Anny-One, a collection of 780k
photorealistic images generated with Anny, showing that despite its sim-
plicity, HMR models trained with Anny can match the performance of
those trained with scan-based body models.
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1 Introduction

Parametric body models provide a compact and differentiable representa-
tion of the human body, enabling a wide range of applications—from scan
fitting and animation to Human Mesh Recovery (HMR) from images and
videos [21, 31, 56, 69, 71]. Human body models have been central to advances
in human-centric perception, enabling tasks such as motion analysis, behav-
ior understanding, and human-robot interaction. Among them, the SMPL fam-
ily [37,45,46,51] has played a transformative role. Its models achieved compact
and accurate modeling capabilities on standard benchmarks by learning low-
dimensional shape spaces from 3D body scans [14,16,53]. However, such data-
driven design also comes with limitations: the available scan datasets are expen-
sive, demographically narrow, and privacy-sensitive. As a result, these models are
not suited to represent the full diversity of human bodies—especially children,
elderly individuals, and morphologies uncommon in populations. Separate mod-
els have been proposed for specific demographics, such as SMIL [23] for infants or
distinct male/female SMPL variants, and more recent efforts like SMPL+A [50]
interpolate between children and adult models. Yet, obtaining representative
data for all body types remains impractical and raises privacy concerns.
Instead of relying on scan data, we explore an alternative foundation for human
modeling. We leverage the anthropometric knowledge embedded in MakeHu-
man [4]—a free, community-driven framework designed to model human vari-
ability through explicit, interpretable parameters such as age, gender, and body
proportions. This procedural knowledge, built by artists over decades, provides
a rich, open description of human morphology that naturally spans diverse body
types. Building on this foundation, we introduce Anny, a simple and fully differ-
entiable human body model that replaces learned shape bases with interpretable
phenotype parameters. Each parameter (e.g., age, height, weight, muscle, pro-
portions) is defined in the continuous range [0,1], and directly controls corre-
sponding blendshapes (Figure 3). Calibrated using WHO population statistics,
Anny covers realistic human variation across the full lifespan—{rom infants to
elders—within a single unified model (Figure 1). Because it is built on open as-
sets rather than biometric scans, Anny is free from privacy constraints and can
be shared, analyzed, and extended by the community. Its open-source implemen-
tation can be easily integrated into existing pipelines, and allows a wide range of
applications within a single unified framework—from millimeter-accurate scan
fitting to controllable synthetic data generation and HMR. To demonstrate its
potential, we created Anny-One, a large-scale synthetic dataset of 780k photo-
realistic images of humans generated with Anny, featuring expressive full-body
poses, hands, and faces across diverse environments. HMR models trained with
Anny-One achieve competitive accuracy on standard benchmarks and outper-
form existing approaches when body-shape diversity is high.

Our main contributions are: (A) Anny, a differentiable, scan-free human body
model representing continuous and interpretable shape variations across genders,
ages, and body types. (B) Anny-One, a large-scale synthetic dataset of 780k pho-
torealistic humans with diverse 3D poses and shapes; (C) Empirical validation
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showing that Anny enables accurate scan fitting and competitive HMR, offering
a unified and complete approach to human modeling.

2 Related work

Modeling humans with 3D parametric meshes has become a central tool in com-
puter vision and graphics, enabling applications ranging from animation to hu-
man mesh recovery (HMR) from images and videos. Differentiable body models
provide a structured representation of human shape and pose that can be di-
rectly integrated with modern vision architectures, allowing efficient inference of
full-body geometry from visual observations.

Parametric body mesh models represent the human body as a deformable
surface mesh controlled by pose and shape parameters. Important research ef-
forts have been made to build accurate models representative of body surface
deformations across different poses and across different individuals characteris-
tics, through data-driven approaches based on 3D human scans. The SMPL [37]
body model family is arguably the most widely used in the computer vision
community. It relies on linear blend shapes to model shape-dependent vertex
displacements in rest pose, as well as corrective blend shapes to further refine
the output mesh depending on the pose. The original model was extended to
SMPL-X [51] to capture full-body meshes, i.e., including facial expressions and
hand poses. Other refinements were also considered, in particular STAR [46] pro-
posed a more compact formulation compared to SMPL, and SUPR [45] split the
model into individual body parts with a sparse factorization of pose-corrective
blend shapes. To model infants, a separate model was also proposed (SMIL [23]),
and is sometimes combined with SMPL-X through interpolation [50], which we
refer to as SMPL-X+A. Other body models with similar properties have also
been introduced, such as GHUM and GHUML [67] that use the latent space of
an auto-encoder as parametrization space. Concurrent to our work, ATLAS [47]
is a model derived from adults scans, that decouples surface and skeletal rep-
resentations for finer control over body proportions. Ferguson et al. [20] latter
released a similar model, MHR, with a more restricted rig and an artist-designed
facial expression space for easier control.

Modeling shape diversity. A major challenge for parametric body models is to
capture the diversity of human morphologies.The above approaches tackle this by
learning shape representations from datasets of 3D scans. This is hard to achieve
because collecting data such as 3D body scans is costly and time consuming. In
particular, the CAESAR (53] dataset used to train SMPL comprises people from
the USA, Netherlands and Italy aged between 18 and 65 years in early 2000s.
It contains fewer than 5000 individuals, and already constitutes a significant
data collection effort. This limits the diversity that scan-based body models can
represent.

Artist-designed human models. Instead of relying on large collections of
scans, we explore an alternative approach consisting in leveraging artist-designed
models. Accurately modeling the variability of human shape has been the focus
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of much efforts from computer graphics designers and artists; we leverage these
efforts instead of collecting real-world data. Various tools exist to design human-
like characters [3,4,63]. We build our work on MakeHuman [4], an open-source
and community-driven project. Anny does not rely on expensive collections of
3D scans, yet we find that it is sufficient to achieve competitive results for tasks
such as 3D registration and human mesh recovery.

Human mesh recovery (HMR) aims to reconstruct a full 3D human mesh
from a single image or video, as introduced in the eponymous work [29]. Here, we
focus on parametric HMR, which refers to methods that output the parameters
of a human body model such as SMPL [37]. Existing methods can be broadly
separated in two categories: single-person and multi-person methods. Single-
person methods assume that human detections or bounding boxes are provided,
obtained either from ground truth data or from an off-the-shelf detection model.
In that setting, the HMR model directly regresses body model parameters [29].
Progress was made at the level of architectures and backbones [9,21], camera
models [419,65,66], and extensions to expressive body models [10,17,19, 35, 58].
In multi-person. HMR [10, 58-60], all visible humans in the input have to be
detected and localized in 3D by the model, in addition to regressing each human
mesh. In that case, the input domain of the model typically shifts from center
crops of people to images containing multiple people at arbitrary locations. Our
proposed Anny-One dataset is suitable for both settings, and we empirically
evaluate it with both single-person and multi-person state-of-the-art methods.

Training data for HMR. Another avenue of research to improve the per-
formance of HMR models is to focus on obtaining better training data. One
of the main limiting factors in training HMR models is the lack of images
labeled with 3D ground-truth humans. While earlier works [13, 22, 24, 33, 51]
used optimization procedures to fit parametric models to 2D observations such
as 2D keypoints, most regression-based models cited above use datasets with
2D [8,26,36] or 3D ground-truth joints [25,42], sometimes with pseudo-ground-
truth meshes [27,32,34,35,43]. Acquiring images with 3D ground truth is expen-
sive, time-consuming, and pseudo-annotations often lack precision in particular
for hands and faces. In contrast, synthetic datasets offer several advantages:
they scale easily, provide noise-free annotations, and allow precise control over
appearance, pose, and scene variables. Existing works have shown that synthetic
data can complement [50,64] or even replace real data to achieve state-of-the-
art (SOTA) HMR performance [10, 11, 68], in particular when expressive poses
(including hands and faces) are involved [10], or accurate camera estimation in
human-centric scenes is required [49,65]. In this work, we leverage all advantages
of synthetic data. Our large-scale Anny-One dataset contains diverse humans in
terms of body shape and appearance, with expressive poses including faces and
hands, with exact ground truth. We train single-person and multi-person HMR
models and show that such large-scale synthetic data, covering a broad distribu-
tion of human shapes and poses, can serve as a valuable source of training data,
particularly for pretraining HMR models.
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3 Modeling Anny Body

In this paper, we introduce Anny, a differentiable parametric mesh model aiming
at modeling a large diversity of human morphologies. Anny is built on assets from
MakeHuman [4,5], a free and community-driven framework that enables artists
to model a wide variety of human-like 3D characters. We release a PyTorch
implementation of Anny under a permissive Apache 2.0 open-source license to
foster the development of human-centric research and applications.

Base model. The default mesh of Anny is composed of V' = 13,718 vertices
and 13,710 quadrilateral faces (including tongue and eyes). Vertices are softly
attached to a skeletal rig of B = 163 bones, illustrated in Fig. 2, using B x V'
sparse skinning weights. To ensure compatibility with the MakeHuman ecosys-
tem, Anny closely follows MakeHuman specifications, with minor edits to remove
sensitive anatomical details such as nipples and genitals, and to ensure left /right
skinning symmetry. Anny also supports alternative mesh topologies and rigs,
which allows simple interoperability and character animation re-targeting.

Phenotypes. We capture the diversity of human morphologies through various
parameters which we refer to as phenotypes, following MakeHuman terminology.
These phenotypes aim to encode high-level characteristics, such as age, gender,
weight, muscle amount, etc., as well as more local changes, such as the amount of
head fat or changes in belly morphology during pregnancy (Fig. 3). Specifically,
artists created 1,136 prototypical mesh blendshape variations, each correspond-
ing to a particular combination of phenotype attributes. We extend these discrete
variations into a continuous shape space by piece-wise multi-linear interpolation
of vertex positions.

Word of caution. Phenotypes are based on preconceptions of artists regard-
ing particular human traits. As a result, they encode by design stereotypes of
MakeHuman artists, and one should not expect phenotype parameters to
faithfully encode any identity-related characteristics, such as gender,
age or ethnicity. We nonetheless found these parameters useful to model the

Fig. 2: Mesh and skeleton of Anny. Left: default mesh and skeleton, modeling two
different morphologies. Middle: different mesh topologies (default: 13,718 vertices—
SMPL-X: 10,475 vertices—coarse: 1,229 vertices). Right: Anny and Mixamo [7] char-
acter using the same skeleton and bone orientations.
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Fig. 3: Shape parametrization is implemented using piece-wise multi-linear inter-

polation between prototypical shape. Left: illustration with age. Right: example of local
morphological variations covered by the model.

diversity of human morphologies, and we keep MakeHuman terminology to make
explicit the artists’ intent. Existing scan-based models [20,37,45-47,51,67] avoid
addressing this delicate question by relying on abstract shape spaces with no ex-
plicit semantics—except for gender-specific models. It is worth mentioning that
these models also convey implicit biases, related to their topology (all models
assume individuals with four limbs) and to their training distribution (most
models are only designed for adults, for example).

Differentiable deformation. Anny takes shape and pose parameters as input
and outputs a 3D posed human mesh representation in a backward-differentiable
manner. The shape of the mesh is controlled by scalar coefficients targeting
various phenotypes regarding age, weight, gender, etc. These coefficients de-
fine weights of a piecewise-multilinear interpolation between prototypical blend-
shapes, that are used to adjust the shape of a base model. For instance, blend-
shapes corresponding to the phenotypes child (age=1/3) and young (age=2/3)
contribute equally to the mesh deformation given a parameter value age=0.5, as
illustrated in Fig. 3. This use of interpolation constraints the structure of the
shape space, and helps producing topologically consistent meshes. The shape-
adjusted model features a skeleton, composed of a set of bones connected along
a kinematic tree. One bone is defined as root bone of the tree. To encode a pose
for the model, the pose of the root bone is given, together with 3D rotations at
each joint between connected bones, relative to their rest configuration. Given
pose parameters, we apply forward kinematics to retrieve bone poses. We then
deform the mesh using blend skinning, producing the final human mesh, shaped
and posed accurately according to the input parameters. These steps are imple-
mented using PyTorch [48] and NVIDIA Warp [38] to benefit from automatic
gradient back-propagation features of these libraries.

Self-intersection. To prevent self-intersection, we test for intersecting faces
belonging to different body parts—using a bounding volume hierarchy for com-
putational efficiency—and discard corresponding meshes during data generation.

Interoperability. To ensure interoperability with previous work, we define map-
pings between Anny’s default topology and existing mesh body models. These
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mappings serve mainly two purposes. The first is to empirically evaluate models
trained with Anny on existing benchmarks; for that purpose we define a mapping
to regress SMPL-X vertices from Anny meshes and vice versa. The second one is
to generate synthetic 3D scenes with Anny annotations. Our synthetic data gen-
eration pipeline is built on Humgen3D [3], thus we also learn regressors for this
body model. More specifically, we optimize sparse linear regressors R € RM*N
to map vertex coordinates v; € (R*)™ from a first body model to coordinates
V; = Zj R; jv; € (R*)M of a different body model with a different topology.
This is achieved by first fitting Anny to a set of meshes with the target con-
nectivity (e.g. SMPL-X), and by initializing the regression coefficients R as the
barycentric coordinates of the projection of target mesh vertices onto the source
mesh. Coefficients of R are then refined jointly together with Anny parameters
to minimize the mesh-to-mesh distance, while enforcing the left /right symmetry
of the mapping. Applying the direct and reverse mappings between SMPL-X
and Anny leads to a 1.3mm mean cyclic consistency error (resp. 1.7mm between
Anny and Humgen3D).

4 Shape statistical modeling

A model capturing the distribution of human morphologies can be useful for
applications such as data synthesis or as a prior in optimization. Existing body
models [37,47] typically feature a latent space encoding a shape distribution de-
rived from their training sets, e.g. using PCA for SMPL. These training sets con-
sist of proprietary collections of 3D scans which required significant acquisition
effort, yet they remain insufficient to represent the global population. Datasets
such as CAESAR [53] and SizeUSA [1] consist of scans of adults from industri-
alized countries, and as such are not representative of morphological variations
among the global population and all ages. As a consequence, a normal sampling
of the SMPL-X neutral shape distribution produce rather tall and overweight
bodies (average height: 172em, average body mass index: 25.5kg/m?, assuming
a constant buoyancy of 0.98) compared to global adult statistics (2019 estimate
for 19-years old girls/boys: 158.6¢m/170.8cm [54]).

Anny can model a large diversity of morphologies through its various phenotype
parameters. This diversity covers common body shapes, but also uncommon ones
such as 2.4 meters tall individuals. Human morphology is highly diverse and char-
acterizing the plausibility of Anny body shapes is challenging. Nonetheless, we
can calibrate the distribution of Anny parameters to obtain a shape distribution
that is more representative of the global population. We empirically define a
bijective mapping between the age parameter of Anny and some morphologi-
cal age in years. We then model distributions for major phenotype parameters
as Beta distributions, conditioned on age and gender. These distributions are
jointly calibrated to match the mean and standard deviation of reference growth
standards for height and body mass index from the World Health Organization
(WHO) [18], shown in Fig. 4. After calibration, the resulting distribution better
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matches weight-for-height reference data than the SMPL-X+A shape distribu-
tion, as shown in Figure 5.
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Fig. 4: Statistical shape modeling. We calibrate the Anny shape distribution to
match the WHO Child Growth standards for height-for-age and Body Mass Index-for-
age [18] (curves for boys).
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Fig. 5: Statistical shape modeling (weight—height). The calibrated Anny shape
distribution better matches WHO weight-for-height growth standards (mixed gender)
than the SMPL-X+A shape space.

5 Assessing 3D modeling capabilities

Adults. To evaluate the expressiveness of the proposed body model, we register
Anny to scans from 3DBodyTex [55], which contains 400 scans of adults (100
male and 100 female individuals) in minimal clothing. As shown in Fig. 7, Anny
produces visually accurate registrations that closely follow the scanned geometry
accross subjects. Quantitatively, it achieves an average scan point-to-mesh error
of 2.5mm. Following established evaluation protocols [45,47], we exclude the
head and hands from the quantitative analysis due to lower scan quality in
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these regions. Smaller fitting errors have been reported with scan-based models,
notably a 1.8mm mean error using ATLAS [47]. We achieved a similar error
of 1.9mm using SMPL-X with 300 shape components. Qualitatively, we observe
that SMPL-X better captures fine skin-fold details of high-BMI bodies compared
with Anny. However, we also observe that SMPL-X overfits to mesh deformations
due to hair and clothings, since scan-based models are specifically designed to
capture the geometry of individuals wearing minimal clothes. In contrast, Anny
models neither clothes nor the shape deformation they cause, yet is able to
approximate 3D scans with competitive accuracy.

Children. No public child-scan dataset is available to our knowledge, which
motivates Anny’s scan-free design. To assess modeling capabilities with children,
we register Anny to three commercial scans from RenderPeople (posed 320 26,
48 26 and 502 26). Although this should not be interpreted as a comprehensive
benchmark, Anny achieves lower average scan-point-to-mesh error than SMPL-X
on all three scans, with 2.0 vs. 3.2mm mean error. Together with the AGORA-
Kids results in Table 2, these results provide supporting evidence that Anny can
competitively model child body shapes.

Shape diversity. To compare the diversity of shapes modeled by Anny with
prior work, we register the SMPL-X+A model to 8000 meshes sampled with uni-
form Anny shape parameters, and we register the Anny model to 8000 meshes
sampled with uniform SMPL-X shape parameters (within a ball of 2 standard
deviation radius [39], and 300 PCA coefficients.). All meshes are in rest pose
using a common SMPL-X topology, thanks to the interoperability mapping pre-
sented in Sec. 3. We report the histograms of registration errors in Fig. 6. We
observe that meshes from the SMPL-X shape distribution admit in general a
close Anny approximation (3.2mm mean RMS error), whereas a thick tail of
Anny meshes have no close SMPL-X+A equivalent (5.0mm mean RMS error).
This suggests that the shape space of Anny covers a larger diversity of morpholo-
gies than the one of SMPL-X. A qualitative analysis of the worst registration
results notably suggests that it is difficult to model some very tall individuals
using the SMPL-X+A shape space.

Fitting Anny to SMPL-X shapes Fitting SMPL-X+A to Anny shapes
q T
10 Histogram Histogram
—-=-- Mean: 3.2 mm 0.4 —--- Mean: 5.0 mm

Density

6 7 8 9
MS error (mm)

0.1 i
N a8
RMS error (mm) R
Fig. 6: Histogram of registration errors of the Anny model (resp. SMPL-X+A)
onto meshes uniformly sampled within the SMPL-X (resp. Anny) shape parameter

space. Results suggest that Anny covers a broader shape diversity than SMPL-X-+A.
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Fig. 7: 3D Registration of body models to scans of adults and children. Anny can
closely approximate 3D scans, but does not model deformations related to clothing or
hair contrary to existing scan-based models.

6 Recovering Anny Human Meshes

Human Mesh Recovery (HMR) is a natural downstream task for assessing the
representational power of a body model [10,49]. Recent works [11,62] have shown
that large-scale synthetic data can be as effective as, or even superior to, real
data—whose annotations often contain inherent noise—for training HMR mod-
els. Having a body model interoperable with models that can accommodate
clothing furthermore enables to easily generate large-scale, diverse synthetic
training data. In this paper, we leverage these properties and introduce Anny-
One, a synthetic dataset of images with corresponding Anny annotations (Sec-
tion 6.1). We then use Anny-One to train HMR models, that we evaluate on
standard benchmarks (Section 6.2).

6.1 The Anny-One dataset

Our synthetic dataset, Anny-One, contains 780k images designed for training and
evaluating Human Mesh Recovery models. It features realistic human meshes
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Fig. 8: Samples from the Anny-One dataset.

with diverse body shapes, poses, and appearances, situated in rich and varied
scene contexts.

For each individual in the dataset, we generate both a ground-truth annotation
using Anny and a corresponding HumGen3D character. Each character is ran-
domly augmented with clothing and accessories sampled from the HumGen3D
library, ensuring visual diversity. These characters are then positioned within de-
tailed, procedurally generated indoor scenes created using Infinigen Indoors [52].
Scene placement ensures no interpenetration between humans and surrounding
objects. On average, each scene includes approximately five people, and we ren-
der up to 40 camera views per scene, with camera placement biased toward
human-centric framing. We further enhance viewpoint diversity by rendering
egocentric viewpoints, upper-body close-ups, and hand-focused views for a sub-
set of the data. The camera’s field of view is uniformly sampled between 30° and
130° to capture a wide range of spatial compositions. Body poses are randomly
sampled from AMASS [40], while hand poses are independently drawn from
GRAB [61]. Body shapes are sampled from a statistical distribution of human
phenotypes derived from WHO population data (Section 5). To ensure physi-
cal plausibility, we apply a self-collision check to eliminate invalid or unrealistic
configurations. All images are rendered using Blender Cycles [12] at a resolution
of 12801280 pixels. Figure 8 shows representative samples from Anny-One, il-
lustrating its diversity in body shapes, clothing, poses, and scene composition.
Overall, Anny-One provides a large-scale, visually rich, and statistically diverse
resource for training HMR models that transfer effectively to real-world data.

6.2 HMR models

To empirically evaluate our Anny body model and Anny-One dataset, we rely
on two recent state-of-the-art HMR models: HMR2.0 [21] for the single-person
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Table 1: Recovery of SMPL-X vs. Anny body parameters on 3DPW and EHF.
HMR2.0 [21] and Multi-HMR [10] achieve comparable performances with both body
models, under the same BEDLAM [11] training setup.

Model 3DPW EHF
Network Body |MPJPE, PA-MPJPE||PVE| PA-PVE|
o SMPL-X| 86.0 520 | 764 669
HMR2Z.O21] - “anny | 8655 49.4 ‘ 65.5 49.7
, SMPL-X| 87.1 563 | 66.2 529
Multi-HMR [10] 7| 8720 54.3 ‘ 68.6  52.6

setting and Multi-HMR [10] for the multi-person setting. Both models are based
on Vision transformers (ViTs). In both cases training code is available online,
and we make minimal adaptations to predict Anny parameters instead of their
original body models.

HMR2.0 [21] relies on the ‘Huge’ variant of ViT with 16 x 16 patch size, followed
by a transformer decoder that takes as input a single learned token that cross-
attends to all image tokens to output body model parameters. It takes human-
centric image crops as inputs.

Multi-HMR [10] is also built on a ViT backbone. It is pre-trained with DI-
NOv2 [44] and released in various sizes (‘Small’, ‘Base’ and ‘Large’) with 14x14
patches. The ViT backbone is also followed by a cross-attention-based decoder
that processes backbone output tokens corresponding to detected people. The
model takes full, uncropped images as input, and is trained to detect humans,
regress expressive human meshes, and place them in the scene in 3D. We employ
ViT-B (448x448) for ablation studies and ViT-L (672x672) for fair comparison
with state-of-the-art methods.

Evaluation benchmarks. We evaluate 3D mesh prediction accuracy on stan-
dard benchmarks: 3DPW [41], EMDB [30], Hi4D [70], CMU-Toddler [28] and
EHF [51]. We report the commonly used Mean Per Joint Position Error
(MPJPE) and Per Vertex Error (PVE), along with their Procrustes-aligned vari-
ants, following prior work [10, 15]. We also report the Pair-PA-MPJPE, which
measures the mean joint position error after Procrustes alignment of each pair of
interacting humans, thereby evaluating the accuracy of their relative 3D poses.

Table 2: Impact of Body Model and Training Data on AGORA [50] validation
set (featuring both adult and children). We use either BEDLAM or Anny-One to pre-
train a Multi-HMR [10] model to regress SMPL-X/SMPL-X+A /Anny parameters.

Training AGORA-AI AGORA-Kids

Pre-train Fine-tune Body |PVE] PA-PVE||PVE| PA-PVE|
BEDLAM X SMPL-X 140.8 71.3 186.0 64.2
BEDLAM X Anny 136.7 71.3 175.6 63.6
Anny-One X Anny 118.5 63.5 113.9 56.4

X 4 SMPL-X 89.7 60.8 99.5 50.6

X v SMPL-X+A| 87.9 60.4 80.8 50.5

X v Anny 85.7 57.8 79.0 49.3
BEDLAM v SMPL-X 78.2 50.3 96.5 45.6
BEDLAM v SMPL-X-+A| 76.6 50.0 77.6 43.6
Anny-One v Anny 72.8 48.2 69.3 41.5
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Table 3: Comparison to state-of-the-art image-based methods. Quantitative
results on multiple datasets comparing our approach against existing multi-person
image-based methods. Lower values indicate better performance (J.).

3DPW EMDB Hi4D CMU-Toddler

5 &

S £

> =

o < [ 3 o o < <3 <

- e = & o

: [ ; o : & el & 3

Model £ 5 2| & = il 5 5 & E &
AiOS [’38] 45.0 68.8 90.9 | 63.3 90.6 108.1| 49.9 71.4 234.2| 162.4 723.1
SAT-HMR [57] 52.7 81.0 94.5 | 71.0 112.9 126.7|61.2 88.2 85.5 | 153.9  654.8
Multi-HMR [10] 46.9 69.5 88.8 |48.5 73.7 87.1 | 49.8 67.8 80.6 | 153.6  638.9
Multi-HMR | Anny | 41.8 71.5 83.2|48.5 71.5 83.4 |48.7 66.6 80.0 |102.1 263.8

Although the CMU-Toddler dataset contains both adults and children, its lim-
ited diversity among children prevents extensive ablation studies. To better as-
sess performance across diverse populations, we use AGORA [50], which includes
both adults and children. While AGORA is synthetic, it remains the only dataset
currently available for this purpose. Because the official validation set of AGORA
does not contain any children, we re-define the training and validation sets such
that images with human scans from 3DPEOPLE [2] constitute the new valida-
tion set composed of 2k images, ensuring an equal percentage of children in both
training and validation splits.

6.3 HMR Results

To isolate the effect of our body model from that of our synthetic dataset, we first
evaluate Anny by re-training existing HMR methods on established datasets. We
then conduct experiments by training on Anny-One, optionally fine-tuning on the
training set of the respective benchmarks. Finally we train using both Anny-One
and standards HMR training data [32] including BEDLAM [11], MS-COCO [36],
and MPII [8] to compare against state-of-the-art methods.

Anny vs. SMPL-X: a scan-free body model is sufficient. We adapt the
implementations of two foundation models (HMR2.0 [21] and Multi-HMR [10])
to predict full-body meshes using either Anny or the SMPL-X [51] body model.
We train the HMR methods on BEDLAM and evaluate them on the SDPW and
EHF test sets. To limit the computational cost of experiments, HMR2.0 is fine-
tuned with a frozen backbone and without data augmentation. We also restrict
the modeling of Anny shapes to 6 main phenotype parameters (age, gender,
height, weight, muscle, proportions). Results are reported in Table 1. Across all
metrics, using Anny achieves comparable or superior performance to SMPL-X,
despite its non data-driven design. This demonstrates that a body model such as
Anny is sufficient for HMR and can serve as a drop-in replacement for SMPL-X.
The gains observed with Anny may be attributable to its particular shape and
pose parameterization; however its precise influence on machine learning perfor-
mance remains unclear. By making Anny publicly available, we aim to facilitate
further analysis and encourage deeper investigation.
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C nput SMPL.X " Amny Input SMPL-X Anny
Fig.9: Qualitative results comparison between Multi-HMR trained with SMPL-X
and with Anny on academic benchmarks: 3DPW (top), Hi4D (bottom left), and EMDB
(bottom right).

Anny and Anny-One: modeling diverse body shapes. We evaluate per-
formance on AGORA, which is the only existing standard benchmark containing
children, and report results in Table 2. First we train models on BEDLAM with
SMPL-X or Anny. We see in the first and second rows of Table 2 that using the
Anny head marginally improves performance, which may be due to the fact that
Anny handles children more gracefully. Our proposed dataset consists of 780k
synthetic images, designed to contain humans with diverse body shapes, diverse
backgrounds and changes in camera intrinsics. Training on Anny-One instead of
BEDLAM (third row) brings substantial gains, in particular for children.

We then consider training directly on AGORA, and compare Anny to both
SMPL-X+A and SMPL-X. Both SMPL-X+A and Anny perform significantly
better than SMPL-X, with a moderate advantage for Anny. This is consistent
with the fact that they were both designed to handle children. Finally, we con-
sider the full-data regime with pretraining on either BEDLAM or Anny-One,
followed by finetuning on AGORA (last three rows of the table). We observe
that in this large-scale regime, the combination of Anny-One and Anny signifi-
cantly outperforms existing datasets and body models on AGORA.

Comparison to state-of-the-art methods. We evaluate Multi-HMR trained
with Anny on a large-scale mixture of datasets, including Anny-One and stan-
dard HMR training data (BEDLAM, MS-COCO, MPII), and compare against
state-of-the-art multi-person HMR approaches. Results on 3DPW, EMDB,
Hi4D, and CMU-Toddler (Table 3 and Figure 9) show that our model achieves
competitive performances across all benchmarks.

These results demonstrate that Anny (i.e. Multi-HMR with Anny) scales effec-
tively to large and diverse data, enabling robust reconstruction of adults and
children alike across both in-the-wild and controlled multi-person scenarios. In
particular, the results on CMU-Toddler suggest that Anny is able to model a
broad range of body shapes, including both adults and children. Overall, these
results demonstrate that a scan-free body model such as Anny can achieve perfor-
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Fig. 10: Qualitative examples on real-worl ges sourced from Pexels [6] that

contain both adults and children. We observe that our model outputs childlike body
shapes for children, in terms of height and build.

mance comparable to scan-based models like SMPL-X, while providing a simple,
unified, and interpretable representation for modern HMR tasks.

Qualitative results. We provide some qualitative examples of results of our
approach on real images that contain both adults and children in Figure 10,
showing high-quality human mesh recovery results with a single model thanks
to Anny’s capacity of modeling a wide variety of body shapes.

7 Conclusion

We present Anny, a unified, differentiable, and interpretable human body model
that does not rely on 3D scan training data, but continuously encodes human
shape variations across age, gender, and body type. Built entirely on open and
anthropometric knowledge, Anny bridges the gap between artistic and statistical
modeling, offering a transparent alternative to abstract latent spaces. Despite
not being learned from 3D scans, Anny achieves competitive performance when
fitting real scan datasets, showing that accurate geometric modeling can be ob-
tained purely from artistic priors and anthropometric calibration. Using Anny,
we generate Anny-One, a large-scale dataset of 780k synthetic images with rich
diversity in pose, shape, and scene context. Experiments show that HMR mod-
els trained using Anny achieve competitive performance across diverse bench-
marks. By providing a free, interpretable and unified 3D model that covers the
full human lifespan, we hope Anny will broaden the ecosystem of human-aware
computer vision.
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