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Figure 1. Anny-Fit recovers multi-person 3D human meshes of all ages directly in camera space. By integrating expert semantic, depth,
keypoint, and segmentation cues, it improves all-age HMR and enables zero-shot adaptation of adult-only models.

Abstract

Recovering 3D human pose and shape from a single im-
age remains a cornerstone of human-centric vision, yet most
methods assume adult subjects and optimize each person in-
dependently. These assumptions fail in real-world, all-age
scenes, where body proportions and depth must be resolved
jointly. We introduce Anny-Fit, a multi-person, camera-
space optimization framework for all-age 3D human mesh
recovery (HMR). Unlike existing per-person fitting meth-
ods, Anny-Fit jointly optimizes all individuals directly in the
camera coordinate system, enforcing global spatial consis-
tency. At the core of our approach is the use of multiple
forms of expert knowledge—including metric depth maps,
instance segmentation, 2D keypoints, and, VLM-derived se-
mantic attributes such as age and gender—each obtained
from dedicated off-the-shelf networks. These complemen-

tary signals jointly guide the optimization, constraining
the depth-scale ambiguity characteristic of all-age scenes.
Across diverse datasets, Anny-Fit consistently improves 2D
reprojection accuracy (+13 to 16), relative depth ordering
(+6 to 7), 3D estimation error (-9 to -29) and shape estima-
tion (+25 to +82), producing more coherent scenes. Finally,
we show that VLM-based semantic knowledge can be dis-
tilled into an HMR model via the pseudo-ground-truth an-
notations produced by Anny-Fit on training data, enabling
it to learn semantically meaningful shape parameters while
improving HMR performance. Our approach bridges adult-
only and all-age modeling by enabling zero-shot adapta-
tion of adult-trained HMR pipelines to the full age spectrum
without retraining.

This CVPR Findings paper is the Open Access version, provided by the Computer Vision
Foundation. Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.
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1. Introduction
Reconstructing 3D human pose and shape from a sin-
gle monocular image (HMR) is a fundamental problem in
human-centric scene understanding, pivotal for applications
such as robotic navigation and embodied AI. The central
challenge of this monocular task is resolving the inherent
depth ambiguity: a person’s apparent size in an image is a
joint function of both their physical stature and their dis-
tance from the camera (Fig.2). Much prior work circum-
vents this ambiguity by assuming all subjects are adults
[54, 66], allowing apparent size to serve as a reliable depth
cue. However, this assumption breaks down in realistic, all-
age settings, where the problem becomes significantly more
under-constrained: a small silhouette could correspond to
either a distant adult or a nearby child. Consequently, ap-
parent size alone is insufficient, necessitating the joint esti-
mation of depth and body shape.

Because monocular HMR is under-specified, most ap-
proaches leverage external information to constrain the so-
lution space. Such information may come from the scene
(e.g., camera parameters [2, 64, 66], person location [17,
56], depth cues [52], or contact maps [5, 35, 36, 53]) or
from the humans themselves (e.g., 2D keypoints [4, 25],
dense points [38, 55, 63, 67] or shape cues [6, 9]). Among
these, we argue that the body shape cues are particularly
critical for addressing the all-age ambiguity. Figure 2 il-
lustrates how estimating whether a subject corresponds to
an adult or a child re-constrains the depth-shape ambiguity,
facilitating reliable 3D recovery.

While shape cues and an expressive body model help re-
solve ambiguity at the individual level, they do not by them-
selves guarantee scene-level coherence in multi-person set-
tings. Fitting each person independently to their 2D evi-
dence often leads to inconsistent relative depths that break
the scene’s spatial layout. We posit that recovering a valid
3D layout requires enforcing relational depth consistency
across all subjects.

To address these challenges, we introduce Anny-Fit, a
flexible optimization framework that integrates both scene-
and person-level constraints to refine initial estimates. Im-
portantly, these constraints extend beyond human annota-
tion: Anny-Fit leverages specialized models (such as de-
tectors, depth estimators, and 2D keypoint regressors) to-
gether with generalist Vision-Language Models (VLMs)
whose high-level semantic predictions (e.g., estimated age
and gender) can be translated into meaningful shape param-
eters, which HMR models struggle to infer reliably. This
combination enables Anny-Fit to operate either fully auto-
matically or in a semi-supervised fashion.

A significant challenge to adapting HMR for all-age is
the availability of body models that reflect different ages.
While prior work [39, 52] introduced SMPL-A to interpo-
late between infant and adult extremes, we adopt the more

Figure 2. Depth-scale ambiguity. Unlike adult-only settings
where body size reliably indicates depth, the all-age setting gen-
eralizes the problem such that size alone cannot distinguish depth:
identical 2D reprojections can correspond to either distant adults
or nearby children. We leverage visual cues to infer shape and
re-constrain the problem.

recent Anny [7] model, which offers two key advantages for
our purposes. First, Anny provides, with a single model, a
continuous representation of shape variation across the full
human lifespan from infants to seniors. This broader rep-
resentational coverage enables consistent reasoning about
shape and depth in complex multi-person all-age scenes.
Second, Anny’s shape space is parameterized by seman-
tic attributes (such as age, gender, height, and weight) that
align naturally with observable image cues. We exploit
these two advantages with our key insight: mapping these
continuous semantic attributes to discrete categories already
understood by general-purpose 2D vision models. Based on
this, we propose to repurpose VLMs as a training-free ap-
proach to shape estimation.

We build Anny-Fit on an optimization-based paradigm,
as such methods have proven vital in HMR. Optimization
methods serve dually as a post-processing step to align
regression-based predictions with image evidence [55, 63]
and as a generator of pseudo-ground-truth [36, 38, 58] to
scale training beyond small curated in-the-wild datasets
and lab-controlled captures. Building on this founda-
tion, Anny-Fit combines semantic shape initialization, joint
camera-space optimization, and multi-source expert cues,
enabling fully automatic reconstruction and the large-scale
creation of high-quality pseudo-ground-truth for all-age,
multi-person scenes.

In summary, our main contributions are:
• A new formulation of all-age human mesh recovery. We

highlight the limitations of adult-only HMR and charac-
terize the depth–shape ambiguity that arises in real-world
all-age scenes.

• We introduce Anny-Fit, a camera-space HMR optimiza-
tion framework that jointly reconstructs multiple individ-
uals while enforcing relational depth consistency.

• We propose a principled fusion of expert cues to guide

3678



all-age initialization and optimization. Our results show
that Anny-Fit can improve existing all-age models and en-
able zero-shot adaptation of adult-only HMR models to
the full age spectrum.

• We demonstrate that Anny-Fit can generate high-quality
semantic pseudo-ground truth at scale, facilitating down-
stream HMR models to learn semantically meaningful
shape parameters while increasing accuracy.

2. Related work

Multi-person HMR. Human Mesh Recovery (HMR) aims
to estimate full 3D human bodies from monocular im-
ages [23]. Parametric methods [7, 31, 40, 59] dominate
this task by regressing body model parameters. While early
works focused on single-person settings [23, 25], recent ad-
vances address multi-person HMR [2, 6, 49, 50], where all
people must be localized and recovered coherently in 3D.

Two broad paradigms exists: regression and optimiza-
tion. Regression-based methods [2, 49–52, 56] directly pre-
dict human meshes from image features, offering efficiency
but limited generalization to unseen demographics or com-
plex occlusions. Optimization-based approaches [22, 25,
38] instead refine predicted mesh parameters to better match
image cues, providing higher fidelity but depending heavily
on initialization. Both rely on strong priors, including pose
regularization [10, 32, 40], camera intrinsics [2], human
height [22], or additional cues such as segmentation and
text [56]. An additional challenge in multi-person scenes is
reasoning about spatial relationships. Prior works improve
relative depth via camera-space formulations [2, 27, 38, 64],
depth supervision [22, 52], or explicit interaction model-
ing [16, 20, 24, 37]. In contrast, we propose a simple
depth-ordering loss leveraging recent advances in monoc-
ular depth estimation to refine global 3D placement and en-
sure consistent camera-space positioning across all subjects
given per-person shape priors.
Modeling age in HMR. Most existing HMR approaches
have been designed and evaluated primarily for adults. Be-
yond modeling limitations, this strong adult bias also re-
flects data scarcity: large-scale annotated datasets contain-
ing children are extremely limited due to (i) the rarity of
publicly available child imagery on the web, (ii) strict pri-
vacy and consent constraints for minors, and (iii) the ethical
sensitivity surrounding the collection and release of chil-
dren’s images. As a result, current training corpora over-
whelmingly depict adults, making it difficult for standard
HMR pipelines to generalize across the full age spectrum.

Early work by Hesse et al. [18, 19] introduced SMIL,
a parametric model of infants (2–4 months old) derived
from 3D scans. To extend age coverage, AGORA [39]
employed SMPL-XA, a piecewise interpolation between
SMPL-X [31, 40] and SMIL to generate synthetic child

bodies, but the resulting shapes were often inconsistent due
to the discontinuity between adult and infant morphologies.
BEV [52] was the first to tackle all-age estimation from in-
the-wild data using weak supervision from age categories,
depth layers, and 2D keypoints. HARMONI [57] further
explored joint modeling of SMPL and SMIL for analyzing
longitudinal child growth.

Recently, Anny [7] introduced a parametric model cov-
ering the full human lifespan, making it particularly suitable
for modeling age in HMR. However, as a new body model,
Anny currently lacks the large-scale training data and broad
ecosystem support available for more established models
like SMPL [31] or SMPL-X [40]. This limits the effective-
ness of purely regression-based learning approaches built
on top of it. To address this, we propose an optimization-
based method that explicitly incorporates VLM-derived age
cues to guide the fitting process, enabling reliable all-age
3D recovery in a low-data regime.

Language-guided human shape modeling. A comple-
mentary direction in HMR focuses on modeling body shape
using semantic information rather than purely geometric
cues. Early works model adult shape variation based on
size and height [54], while methods such as STRAPS [46],
BodyTalk [48], and SHAPY [9] enrich shape estimation by
leveraging textual human attributes (e.g., height, weight,
body type). SHAPY is particularly relevant to our setting
as it demonstrates that semantic descriptions can guide fine-
grained shape prediction from single images.

Datasets such as SSP-3D [46] provide valuable 3D su-
pervision for shape-aware prediction, yet remain limited
in scale and in body-shape diversity—especially for sub-
jects outside the adult age range—highlighting the need
for alternative sources of semantic conditioning. On the
other hand, facial modeling research has explored estimat-
ing human attributes such as age and other semantics di-
rectly from single images [44, 47]. Parallel progress in
text–image alignment has shown that language supervision
provides a rich representation of human pose and shape at-
tributes [44, 47] to joint embedding models that reason over
visual and textual descriptions [11–13, 15]. Inspired by this,
we depart from training a dedicated body-shape regressor
and instead leverage foundation Vision–Language Models
(VLMs) [1, 29, 30] as general-purpose estimators of seman-
tic human characteristics. By interfacing VLM predictions
with the semantic shape space of the Anny body model [7],
we translate text-derived cues directly into the shape space
during optimization. This enables flexible, data-free seman-
tic conditioning across diverse subjects without requiring
large-scale shape-labeled datasets, and provides a natural
bridge between text-driven supervision and 3D body shape
estimation.
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Figure 3. Overview of Anny-Fit. We refine initial human meshes estimated using an HMR network through iterative optimization.
Anny-Fit leverages pre-computed cues from expert vision models to guide fitting. To mitigate degenerate depth solutions that satisfy 2D
reprojection losses, we incorporate shape attribute estimation and an explicit multi-person depth loss.

3. Method
3.1. Problem formulation
Our goal is to recover 3D posed human meshes of individu-
als of all ages from monocular RGB images. We represent
each individual in the scene with the 3D parametric all-age
human body model Anny [7], chosen for its explicit param-
eterization of age-dependent shape variation. The model
parameters for person i are ⇥i = {�i,�i, ⌧ i, ✓i}. Where
�i 2 R10 denotes the shape parameters, �i 2 R3 the root
orientation, ⌧ i 2 R3 the root translation, and ✓i 2 R163 the
articulated pose. Given an input image I containing N in-
dividuals of varying ages, our objective is to estimate a set
of parameters ⇥init = {⇥1, . . . ,⇥N} from image-derived
expert knowledge, and refine them through optimization to
obtain image-aligned parameters ⇥final.

3.2. Anny-Fit
Figure 3 provides an overview of our approach for multi-
person, all-age human mesh recovery. The core idea is
to treat the task as an expert-guided optimization, where
auxiliary cues from expert models provide strong priors
helping to disambiguate the mesh recovery problem. We
organize these cues into person-level P and scene-level
constraints S , which provide weak supervision signals to
guide the fitting process. In particular, the person-level cues
P = {J, F,K}, consist of 2D joints location J , shape at-
tributes estimates F and dense 2D keypoints locations K.
While the scene-level cues S = {D,M,⇥t�1}, stem from
metric depth maps (D) and instance segmentation (M ) pre-
dictions, as well as the previous optimization state ⇥t�1,
used as a regularizer to prevent excessive drift during the
optimization. These cues are integrated into the overall ob-
jective function, detailed below.
Person cues. Central to age estimation is the shape-depth

ambiguity problem shown in Figure 2. Without a close ini-
tial shape estimate or a perfect body pose and positioning,
the optimization fixes the easiest one of these often biasing
the solution to an unwanted local minima. This can happen
by having a model that lacks understanding of the visual
representation of a person’s shape or has trouble placing
a person in a scene. We address this challenge by build-
ing on the interpretable semantic shape space of the Anny
model, for which each dimension of � corresponds to non-
independent physical attribute (age, gender, weight, height,
muscle, etc.) and utilizing external knowledge derived from
human annotation or from a foundation model.

We show how a generalist model like a VLM that has
visual appearance information encoded can be queried to
initialize the shape of each person. In particular, we use
[1] as our VLM to constrain the shape optimization two-
fold. First, we obtain an image-aligned estimate of �, de-
noted F , which is a mapping to the normalized Anny space
of a predicted category label. Second, we use F to con-
strain deviations throughout the optimization via a loss term
Lshape = MSE(�, F ). We query for F by cropping each
person’s head using J when available, and otherwise by tak-
ing the detection bounding box (see Supp. Mat. for details
on prompts).

We note that F need not be exact but close proxy to sim-
plify the optimization. We avoid directly regressing contin-
uous attributes (e.g., chronological age) from the VLM, as
this is notoriously difficult. Prior work [3, 15], has shown
the limited effectiveness of direct regression largely because
it requires vast training data to overcome the limitations of
tokenizers. Furthermore, such continuous attributes are of-
ten conceptually ambiguous. For instance, chronological
age is an unreliable proxy for visual appearance, as two in-
dividuals of the same age can have vastly different biolog-
ical ages and, consequently, different body shapes. Given
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Figure 4. Qualitative results, in front and top view. Our method, Anny-Fit, exploits the advantages of SOTA models and generalizes them
to the all-age setting. Compared to BEV, this translates to improvements in detection, depth ordering, shape and pose estimation.

these challenges, our key insight is to reformulate shape cue
estimation as a categorization task over each dimension of
� (which has been shown to be more effective for VLM
prediction [14, 65]). We select anchor points with seman-
tic meaning and remaping each prediction in the normal-
ized parameter space of �. In our experiments, we focus
on two primary axes of variation—age and gender—while
noting that this process can be naturally extended to capture
a wider range of body shapes. Namely for age we select six
anchor points covering the human life-span, with more de-
tailing on early ages where shape has rapid change: ’baby’,
’toddler’, ’child’, ’teenager’, ’adult’, and ’senior’. For gen-
der we select 3 anchors: ’male’, ’neutral’ and, ’female’. For
all attribute types we set a fallback ’unknown’ as the center
of the range.

In addition, we rely on J and K, which are both sets

of 2D points pj to guide optimization to the image. We
assume that there is a known direct one-to-one correspon-
dence between each pj and some 3D point qj attached to
the body model. Our losses are then L2D = Ldense =
1

|V |
P

j2V ⇢(cjkp̂j � pjk2,�), where p̂j = ⇧(qj) is the re-
projection of qj on the image plane, using known or esti-
mated camera intrinsics. cj 2 [0, 1] is the confidence of
point j, V is the set of points (J or K) and ⇢(x,�) = �2x2

�2+x2

is the Geman-McClure robust error function to handle out-
lier values. We obtain J and K from estimators [60] and
[38] respectively.

Multi-person optimization. To obtain ⇥final, we perform
a full-scene, multi-stage optimization that refines the set of
meshes ⇥t jointly across all individuals. Unlike prior ap-
proaches that optimize per-person crops and remap to im-
age coordinates, our formulation operates directly in 3D
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Table 1. Reconstruction performance. Our method consistently improves both all-age and adult-only initializations across all metrics by
a large margin, with adult-only models becoming competitive with all-age methods. �: improvement over initialization.

(a) In-the-wild reconstruction on Relative Human test. ⇤: trained on the train set.

Method 2D (") PCRD0.2 (") Age (") Gender (")
mPCKh0.6 overall adult teen kid baby F1 F1

BEV* [52] 74.78 69.19 70.65 68.27 65.35 61.96 30.32 0.00

Multi-HMR [7] 65.39 59.79 60.73 64.58 56.45 46.3 23.29 34.83
+ Ours 78.84 66.11 66.92 65.59 67.08 57.21 48.57 81.11

� +13.45 +6.32 +6.19 +1.01 +10.63 +10.91 +25.28 +46.28
CameraHMR [38] 64.69 59.59 59.80 67.49 46.59 30.71 0.00 0.00

+ Ours 81.06 67.24 67.74 70.36 65.60 51.09 48.75 82.13
� +16.37 +7.65 +7.94 +2.87 +19.01 +20.38 +48.75 +82.13

(b) 3D reconstruction on CMU panoptic-toddler.

Method Root Joint-PA
MPJPE (# mm) PCK (" %) MPJPE (# mm) PCK (" %)

AiOS [50] 162.39 54.15 723.14 7.78
SAT-HMR [49] 153.88 56.40 654.87 5.50
Multi-HMR [7] 102.15 84.50 263.78 41.89

+ Ours 92.52 85.50 223.13 45.12
� -9.63 +1.00 -40.66 +3.23

CameraHMR [38] 149.52 60.18 658.90 5.53
+ Ours 119.93 74.41 348.03 23.32

� -29.60 +14.23 -310.86 +17.79

space, enforcing relational consistency between subjects
and avoiding independent local minima. The optimization
proceeds in stages to prevent degenerate solutions: we first
optimize only translation ⌧ to resolve coarse depth place-
ment, then optimize {⌧,�,�} to refine global orientation
and shape attributes while preserving stable positioning,
and finally optimize all parameters {⌧,�,�, ✓} to recover
detailed pose.

Scene cues To place all individuals within a coherent
scene, we incorporate spatial relationships by extending the
depth ordering loss from [52], denoted Ldepth, to contin-
uous pseudo ground-truth depth values. This loss encour-
ages people predicted to lie on the same depth plane to be
close together, while separating those on different planes.
While [52] relies on manually annotated depth levels, we
instead make use of an off-the-shelf metric depth map es-
timator [42], which we found to provide consistent ordinal
depth cues. We estimate the median depth of each person
using the corresponding segmentation mask M predicted
using [43], which we find more robust than relying on J due
to potential occlusions and errors in D. In addition to depth
ordering, we further stabilize the optimization by regular-
izing with the previous estimates ⇥t�1, ensuring smooth
refinement from the initialization ⇥init.

In sum, the weighted loss function for our Anny-Fit op-
timization is:

L = �2DL2D + �denseLdense + �shapeLshape+

�initLinit + �depthLdepth

where the � coefficients balance the contributions of the in-
dividual losses, which are also flexibly adjusted across op-
timization stages (see Supp. Mat for more details).

4. Experiments
Initialization. To validate our optimization-based frame-
work, we initialize it with two complementary feedforward
methods: Multi-HMR [2, 7] and CameraHMR [38]. Multi-
HMR uses the Anny model and is trained only on synthetic
data (Anny-One [7]), whereas CameraHMR is a detection-
based, single-person, adult-only model trained on a mix-
ture of synthetic data and real-world pseudo-ground-truth

fits. Multi-HMR [7] outputs Anny body parameters directly,
while for CameraHMR we fit Anny parameters to the SMPL
meshes [31]. For both initial predictions we use bounding
boxes, for the bottom-up method Multi-HMR we force pre-
dictions using the closest patch prediction of the estimated
nose keypoint.
Evaluation benchmarks and metrics. We compare to
prior work on the in-the-wild all-age dataset Relative Hu-
man [52] and evaluate 3D recovery on the 5 toddler se-
quences of the CMU Panoptic dataset [21] as well as in
Hi4D [61]. For 2D evaluation, we use mean Percentage
of Correct Keypoints (mPCK0.6), Percentage of Correct
Depth Relations (PCDR0.2), F1 for bounding-box detec-
tion, and age and gender prediction. For 3D evaluation
we measure MPJPE on matched joints and PCK @15cm
to account for unmatched joints. We consider both the per-
person root aligned and Procrustes alignment (i.e. Joint-
PA) for all people as one to account for inter-person accu-
racy [37]. We include more details in the Supp. Mat.
Comparison to state-of-the-art Table 1a reports results
on the Relative Human test and comparison with exist-
ing methods. Anny-Fit provides substantial improvements
over zero-shot initializations across all metrics, in several
cases matching or surpassing BEV, the current SOTA, de-
spite BEV being trained directly on the dataset. The re-
sults also highlight the coupled nature of the task: improve-
ments in shape attribute estimation (age and gender F1)
directly reduce depth–shape ambiguity, enabling more re-
liable multi-person depth ordering. This stronger spatial
grounding, in turn, supports more accurate pose recovery
as reflected by 2D reprojection gains. These findings are
further supported by the 3D evaluation on CMU-Toddler
reported in Table 1b, which measures reconstruction ac-
curacy on real-world multi-age sequences. Anny-Fit im-
proves single-person pose recovery (root-aligned metrics)
and multi-person relative placement (joint-PA metrics).

Overall, we demonstrate that Anny-Fit consistently ben-
efits different model types. For the specialized all-age
model (Multi-HMR), improvements stem from better align-
ment between subject appearance and 3D shape, mitigat-
ing limitations of its synthetic training distribution. At
the same time, Anny-Fit shows that predictions from a
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Table 2. Method ablation study. Anny-Fit main component anal-
ysis on the Relative Human validation ’has child’ subset. in-
dicates the default setting. O: Multi-person optimization, S: VLM
shape, D: depth, RD: root depth.

Method 2D PCRD0.2 Age Gender
mPCKh0.6 overall adult teen kid baby F1 F1

Multi-HMR [7] 60.99 62.66 61.22 77.10 62.85 56.07 28.55 41.95
+ O 71.76 60.09 59.47 69.73 59.33 56.82 36.05 77.41
+ O + S 76.28 59.95 61.37 68.83 58.16 58.28 59.70 84.53
+ O + D 79.21 63.37 63.21 72.45 63.94 54.17 30.61 38.38
+ O + S + RD 78.22 64.86 66.55 71.52 63.59 60.79 57.45 84.91
+ O + S + D 79.22 65.13 66.67 72.99 63.31 58.86 56.78 83.75

CameraHMR [38] 43.84 50.82 46.41 66.12 52.87 34.06 18.49 38.04
+ O 79.09 55.01 50.92 71.33 55.88 38.22 22.47 39.16
+ O + S 80.90 55.78 53.69 64.85 57.82 42.45 57.45 83.45
+ O + D 79.86 59.43 57.30 68.68 61.38 45.91 43.94 41.27
+ O + S + RD 82.27 66.15 62.43 77.23 68.45 58.47 56.99 82.09
+ O + S + D 81.62 67.55 66.06 78.87 70.65 53.77 56.52 81.43

Table 3. Shape attribute performance. Results of varying VLM
models on the Relative Human validation ’has child’ subset.
indicates the default setting.

Method Age F1 Gender
overall adult teen kid baby F1

SmolVLM-Instruct [33] 43.06 28.05 34.46 52.31 57.41 90.23
ViP Llava 13B [8] 46.64 62.44 62.98 19.23 41.89 83.87
Llama3 Llava-NeXt 8B [26] 52.46 70.18 28.85 60.58 50.25 78.80
Qwen2.5 VL 3B [1] 63.57 81.58 36.49 66.34 69.86 92.26
Qwen2.5 VL 7B [1] 67.23 85.98 51.57 70.29 61.08 92.03

Figure 5. Effect of depth loss. Adding a depth-based loss from
an expert model preserves the relative depth relationships between
people. All results use the same initialization and shape prediction.
Circles denote incorrect (red) and correct (green) placement.

non-specialized, adult-only model (CameraHMR) can be
adapted to the all-age setting in a training-free manner,
achieving competitive performance with specialized meth-
ods.

Figure 4 further visualizes these capabilities on challeng-
ing in-the-wild scenes featuring high shape variance, ex-
treme poses, and close interactions. Anny-Fit leverages and
generalizes SOTA capabilities; it refines relative depth or-
dering in both multi-age arrangements (rows 1, 4) and adult-
only scenes (row 3). By building upon accurate pose esti-
mators such as CameraHMR (rows 2, 3), Anny-Fit captures
extreme poses, and using a stronger detectors can increase
recall in certain scenes with challenging poses or heavy oc-
clusions (rows 1, 2). Finally, by using the more represen-
tative Anny body model, Anny-Fit avoids shape artifacts
common in SMPL-A methods such as BEV, where chil-

Figure 6. Effect of shape. Top: Incorrect shape initialization pre-
vents the optimization from converging. Bottom: Accurate shape
initialization resolves depth ordering.

dren may appear as oversized infants (row 2). These results
highlights the flexibility of Anny-Fit, which directly bene-
fits from advances in HMR methods even when they are not
designed for all-age reconstruction.

4.1. Ablation experiments
We study each component of our method on the Relative
Human validation set. To counter the over-representation
of adults, we report on a ’has child’ subset containing all
images with at least one non-adult (see Supp. Mat.).
Component ablation study. Table 2 summarizes the con-
tributions of individual components. Adding weak 2D key-
point supervision improves mPCK0.6 and yields small
gains in shape, but has limited effect on depth. In con-
trast, depth supervision provides a large boost to PCDR0.2,
especially for CameraHMR initializations where non-adult
predictions are severely miss-scaled. The depth loss is cru-
cial for bringing these cases back into a valid scale (see
Fig. 5).

Integrating VLM-estimated shape attributes — both at
initialization and as a shape loss — has the largest impact,
producing substantial gains in age and gender classification
(+30 and +40 F1, respectively). It also improves depth and
pose accuracy. As shown in Fig. 6, when the initial shape is
far from the true one, optimization cannot recover it with-
out shape guidance. Consistent with prior work [52, 54]
on the depth-scale ambiguity, using the correct shape leads
to more reliable relative depth. We further evaluate two
depth losses: a learned affine transformation of the per-
person predicted median depth (RD) and the final relative
depth ordering loss (D). Both improve multi-person depth
consistency, with the ordering loss performing best over-
all. The full model, combining all components, achieves the
strongest overall performance across metrics, underscoring
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Table 4. Training feedforward models with pseudo ground-truth. Comparing Multi-HMR retrained with different data.

(a) Relative Human test.

Data 2D PCRD0.2 Age Gender
mPCKh0.6 overall adult teen kid baby F1 F1

Anny-One [6] 62.70 63.42 63.93 71.40 59.70 44.17 24.47 33.60
Anny-One + [38] fits 59.75 52.09 53.10 59.58 43.17 25.93 11.75 29.55
Anny-One + our fits 70.18 68.68 69.03 76.83 66.42 57.52 42.96 81.32
� +7.48 +5.26 +5.10 +5.43 +6.72 +13.35 +18.49 +47.72

(b) Hi4D test.

Data MPJPE (# mm)
Joint-PA

MPJPE (# mm)

Anny-One [6] 91.5 86.7
Anny-One + [38] fits 80.9 81.8
Anny-One + our fits 80.1 79.5
� -11.4 -7.2

the necessity of jointly modeling shape, depth, and pose in
the all-age setting.

Figure 7. Age confusion matrix on Relative Human test. After
retraining with our fits, age alignment improves.

VLM shape attribute estimation. Table 3 reports zero-
shot shape-attribute predictions from open-source VLMs
that fit on a single H100 GPU, using prompt aligned with
Relative Human’s class definitions. Gender is predicted ac-
curately across all models, suggesting that this attribute is
well captured. In contrast, age estimation shows large vari-
ability: performance is strongest for adults, while most er-
rors occur between neighboring age ranges, indicating that
finer age distinctions remain challenging.
Pseudo-ground truth generation. Finally, we assess
whether our high-quality fits can be used to train feedfor-
ward HMR methods. To this end, we processed 30k images
from the MS-COCO [28] training set, which provides di-
verse, in-the-wild scenes spanning a broad range of ages.
We trained Multi-HMR using various combinations of syn-
thetic data, our optimized fits, and fits generated by the opti-
mization method CamSimplify [38]. All models are trained
for 600K steps at input resolution of 672⇥ 672.

We report results in Table 4. On Relative Human, adding
our fits mitigates the limitations of synthetic-only training
and yields large improvements in shape estimation (+18,
+47), 2D reprojection (+7), and depth ordering (+5–13).
Fig. 7 illustrates how our fits improve alignment of pre-
dicted age after training. In contrast, adding CamSimplify
fits degrades performance, showing that gains stem from
the quality of the pseudo-GT rather than simply more data.
Results on Hi4D confirm the same trend: our fits provide
larger improvements than CamSimplify even on an adult-

Figure 8. Example of failure cases. Top: pose of legs, legs usu-
ally have low keypoint confidence. Bottom: interpenetration be-
cause of initial position and not enough guiding keypoints.

only dataset. Overall, these findings highlight the impor-
tance of high-quality, camera-consistent multi-person fits
and demonstrate the potential of Anny-Fit to enhance a base
model when full supervision is limited.

5. Limitations
As an optimization-based method, our approach is highly
dependent on the quality of both the initial mesh param-
eters and expert predictions. Fig. 8 shows failure cases.
For example, errors in the experts –such as low-confidence
keypoints or misclassified shape attributes–can prevent pose
and shape convergence. Similarly, poor global-position ini-
tialization may cause optimization to stall or produce inter-
penetration when cues are weak. Future work could tackle
this challenge, as explored previously by [34, 35, 37]. These
issues highlight remaining challenges in complex multi-
person scenes.

6. Conclusion
We introduced AnyFits, a robust multi-person optimiza-
tion framework that jointly fits all individuals in the cam-
era coordinate system using complementary expert signals,
including VLM-derived semantic attributes. AnyFits im-
proves spatial consistency, pose accuracy, and shape esti-
mation across challenging benchmarks in all-age scenarios
where standard per-person and traditional adult-only meth-
ods fail. We further demonstrated that AnyFits can gener-
ate high-quality pseudo-ground-truth annotations at scale,
enabling the training of feedforward HMR models that
achieve strong performance while predicting semantically
meaningful shape parameters. Together, these results high-
light the potential of expert-guided optimization to bridge
the gap between adult-only models and real-world, all-age
human reconstruction.
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