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Abstract—Expressive human pose and shape estimation (EHPS)
unifies body, hands, and face motion capture with numerous ap-
plications. Despite encouraging progress, current state-of-the-art
methods focus on training innovative architectural designs on con-
fined datasets. In this work, we investigate the impact of scaling
up EHPS towards a family of generalist foundation models. 1) For
data scaling, we perform a systematic investigation on 40 EHPS
datasets, encompassing a wide range of scenarios that a model
trained on any single dataset cannot handle. More importantly,
capitalizing on insights obtained from the extensive benchmark-
ing process, we optimize our training scheme and select datasets
that lead to a significant leap in EHPS capabilities. Ultimately,
we achieve diminishing returns at 10 M training instances from
diverse data sources. 2) For model scaling, we take advantage of
vision transformers (up to ViT-Huge as the backbone) to study the
scaling law of model sizes in EHPS. To exclude the influence of
algorithmic design, we base our experiments on two minimalist
architectures: SMPLer-X, which consists of an intermediate step
for hand and face localization, and SMPLest-X, an even simpler
version that reduces the network to its bare essentials and highlights
significant advances in the capture of articulated hands. With Big
Data and the large model, the foundation models exhibit strong
performance across diverse test benchmarks and excellent trans-
ferability to even unseen environments. Moreover, our finetuning
strategy turns the generalist into specialist models, allowing them to
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achieve further performance boosts. Notably, our foundation mod-
els consistently deliver state-of-the-art results on seven benchmarks
such as AGORA, UBody, EgoBody, and our proposed SynHand
dataset for comprehensive hand evaluation.

Index Terms—Expressive human mesh recovery, foundation
model, human pose estimation, 3D human from monocular images,
3D pose, whole-body motion capture.

I. INTRODUCTION

THE innovative realm of expressive human pose and shape
estimation (EHPS) from monocular images or videos of-

fers transformative applications for the animation, gaming, and
fashion industries. This task typically uses parametric human
models (e.g., SMPL-X [1]) as a powerful representation of the
human body, face, and hands. With a flurry of diverse datasets
entering the scene in recent years [2], [3], [4], [5], [6], [7],
[8], [9], [10], [11], providing the community new opportunities
to study various aspects such as capture environment, pose
distribution, body visibility, and camera views. Yet, the state-of-
the-art methods channel their attention towards advancements in
architectural designs and remain tethered to a limited selection
of these datasets, creating a bottleneck in performance across
varied scenarios and hindering the ability to generalize to unseen
situations.

Our first mission in this study is to explore existing data
resources extensively, providing key insights crucial for estab-
lishing robust, universally applicable models for EHPS. Accord-
ingly, we establish a systematic benchmark for EHPS, utilizing
40 datasets and evaluating their performance across five major
benchmarks. Our study reveals that there are significant incon-
sistencies among benchmarks, revealing the overall complicated
landscape of EHPS, and calling for data scaling to combat
the domain gaps between scenarios. This detailed examination
emphasizes the need to reassess the utilization of available
datasets for EHPS, advocating for a paradigm shift towards
a more inclusive data selection that offers better in-the-wild
performances. Particularly, we propose a new metric, Mean
Primary Error (MPE) for both whole-body and hand pose, to
gauge model performance across a basket of key benchmarks,
in order to provide a holistic measurement of generalization
capabilities. Our study underscores the importance of harnessing
a multitude of datasets to capitalize on their complementary
nature. Moreover, we contribute a new dataset, SynHand, to
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Fig. 1. Scaling up EHPS. (a) Whole-body and (b) hand-only mean primary error (MPE) indicate both data and model scaling are effective in reducing mean
errors on primary metrics across key benchmarks for: AGORA [12], UBody [6], EgoBody [5], 3DPW [13] and EHF [14]. OSX [6] and HybrIK-X [15] are SOTA
methods. Area of the circle indicates model size, with ViT variants as the reference (top right in the left figure).

provide the community with a long-awaiting benchmark for
comprehensive hand pose evaluation in a whole-body setting.
SynHand features diverse hand poses in close-up human shots,
accurately annotated as part of the whole-body SMPL-X labels.

Equipped with the knowledge acquired from the benchmarks,
we proceed to exhibit the strength of massively selected data
in crafting SMPLer-X and SMPLest-X, a family of general-
ist foundation models that are trained using a diverse range
of datasets and achieve exceptionally balanced results across
various scenarios. To decouple from algorithmic research work,
we intentionally design SMPLer-X and SMPLest-X with a min-
imalist mindset: they are reduced to very simple architectures.
Between them, SMPLer-X opts for a relatively conventional
intermediate step for component (hands and face) guiding, while
SMPLest-X, as its name suggests, only retains the ultimately
essential components for EHPS (an encoder, a decoder, and
regression heads). Despite that SMPLer-X and SMPLest-X are
designed to facilitate massive data and parameter scaling in-
stead of a rigorous investigation into the algorithmic aspect, we
highlight that their simplicity does not undermine their overall
performance, and surprisingly, SMPLest-X even demonstrates
a special edge on hand estimation in a one-stage manner.

Experiments with various data combinations and model sizes
lead us to a well-rounded model that excels across all bench-
marks that contests the community norm of limited-dataset
training. Notably, our foundation models demonstrate signifi-
cant performance boost through both data scaling and model
size scaling, reducing the whole-body mean primary errors
on five major benchmarks (AGORA [12], UBody [6], EgoB-
ody [5], 3DPW [13], and EHF [14]) from over 110 mm to below
60 mm and the hand primary errors on six major benchmarks
from over 62 mm to 31 mm (demonstrated in Fig. 1), and
showcases impressive generalization capabilities by effectively
transferring to new scenarios, such as DNA-Rendering [11] and
ARCTIC [8]. Furthermore, we validate the efficacy of finetun-
ing our generalist foundation models to evolve into domain-
specific specialists, delivering outstanding performance on all
benchmarks. Specifically, we follow the same data selection
strategy that empowers our specialist models to set new records
on the AGORA leaderboard by being the first model to hit

96.2 mm in NMVE, 31.1 mm in hand MVE and achieving
SOTA performance on key benchmarks such as EgoBody and
UBody.

Our contributions are three-fold. 1) We systematically study
existing EHPS datasets. This includes building the first system-
atic benchmark on EHPS datasets to provide critical guidance for
scaling up the training data toward robust and transferable EHPS,
and proposing SynHand as a better whole-body benchmark
that focuses on hand evaluation. 2) We design minimalistic
foundation models (SMPLer-X and SMPLest-X) that are tai-
lored for scaling up. Despite their simplicity, they demonstrate
capabilities to achieve strong whole-body performance and
SMPLest-X further shows promising hand performance in a
pure one-stage manner. 3) We investigate the impact of data
and model scaling in EHPS, showing that data scaling yields
the largest gains up to 3 M training instances, after which
improvements diminish and saturate at 10 M instances. As
a result, we build generalist foundation model that delivers
balanced, strong results across various scenarios and extends
successfully to unseen datasets, finetuning further elevates our
foundation model into a potent specialist across a multitude of
key benchmarks.

II. RELATED WORK

Expressive Human Pose and Shape Estimation (EHPS): Due
to the erupting expressive avatar applications and the advent of
whole-body parametric model (e.g., SMPL-X [14]), capturing
the expressive human pose and shape (EHPS), which estimates
body, hand, and face together from images, has attracted in-
creasing attention [6], [14], [44], [45], [46], [47], [48], [49],
[50]. Optimization-based methods (e.g., SMPLify-X [14]) de-
tect 2D features corresponding to the whole body and fit the
SMPL-X model. However, they suffer from slow speed and poor
performance. Hence, learning-based models are proposed. One
of the key challenges of EHPS is the low resolution of hands
and face compared with the body-only estimation, making the
articulated hand pose estimation and high-quality expression
capture hard. Accordingly, mainstream whole-body models first
detect and crop the hands and face image patches, then resize
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them to higher resolutions and feed them into specific hand and
face networks to estimate the corresponding parameters [15],
[45], [46], [47], [48], [49], [50], [51]. Due to the highly com-
plex multi-stage pipelines, they inevitably cause inconsistent
and unnatural articulation of the mesh and implausible 3D
wrist rotations, especially in occluded, truncated, and blurry
scenes. OSX [6] proposes the first one-stage framework based
on ViT-based backbone [52], followed by recent methods such
as AiOS [53] and Multi-HMR [54]. This line of work does
not require a separate detection stage; it integrates localization
and parameter estimation into a single process. As a result,
this architecture alleviates the issues in previous multi-stage
pipelines, and enhances EHPS performance in scenes prone
to imperfect detection. Despite the concise design, they only
use confined training datasets for a fair comparison and do not
explore the combination of more data to achieve generalizable
and precise EHPS.

Foundation Model: The concept of foundation models has had
a strong impact across fields [55], [56], [57], [58] and across
modalities [59], [60], [61], [62], [63], [64], [65], [66], [67],
[68], [69]. In general vision tasks, SAM [64], [65] introduced
promptable segmentation at scale, trained on over one billion
masks, and demonstrated strong zero-shot generalization across
domains on both images and videos. Beyond segmentation,
the DINO family of models [66], [67], [70], [71] has shown
that self-supervised training of ViTs with large-scale data and
model scaling can produce general representations that transfer
effectively to classification, segmentation, and depth estimation
tasks. The Depth Anything model family [68], [69] extends the
foundation model paradigm to monocular depth estimation, pro-
viding scalable pretraining for generalizable depth estimation in
real-world scenarios. More recently, VGGT [59], a foundation
model in 3D vision trained on a large collection of datasets,
achieves state-of-the-art results across multiple 3D tasks and
can be further fine-tuned for various downstream applications.

Large-scale Training for Human-centric Vision: Recent ef-
forts use multiple datasets to pretrain a general model for a
wide range of downstream human-centric tasks. For example,
HumanBench [72] leverages 37 datasets, whereas UniHCP [73]
utilizes 33 datasets for tasks such as ReID, pedestrian detec-
tion, and 2D pose estimation. However, these works have only
evaluated the efficacy of 2D tasks. Sapiens [74], trained on 300
million high-resolution human images, achieves strong results
in 2D pose estimation, part segmentation, depth estimation, and
surface normal prediction, surpassing task-specific baselines.
Sárándi et al. [75] take advantage of 28 datasets in training a
strong model for 3D keypoint detection, which recovers only
the skeleton of subjects without estimating body shapes and
meshes. Pang et al. [76] analyze 31 datasets for human pose and
shape estimation (i.e., SMPL estimation). Nonetheless, hands
and face estimation is not included, and only fewer than ten
datasets are used concurrently in the most diverse training.
HaMeR [77] consolidates 10 datasets, up to 2.7 M training
examples for training a transformer model for 3D hand-only
reconstruction. NLF [78] is capable of mixing data sources with
different annotation formats, including parametric annotations,
3D keypoint annotations, 2D keypoint annotations and Dense-
Pose annotations. Despite this, it suffers from inaccurate hand

pose due to the limited sample points on hands. This paper targets
the more difficult and essential EHPS task to scale training data
and model size that accurately recovers the expressive pose and
shape of the human body, hands, and face.

III. BENCHMARKING EHPS DATASETS

A. Preliminaries

SMPL-X: We study expressive human pose and shape estima-
tion via 3D parametric human model SMPL-X [1], which models
the human body, hands, and face geometries with parameters.
Specifically, our goal is to estimate pose parameters θ ∈ R55×3

that include body, hands, eyes, and jaw poses; joint body, hands
and face shape β ∈ R10, and facial expression ψ ∈ R10. The
joint regressorJ is used to obtain 3D keypoints from parameters
via Rθ(J (β)) where Rθ is a transformation function along the
kinematic tree.

Evaluation Metrics: We use standard metrics for EHPS. PVE
(per-vertex error) and MPJPE (mean per-joint position error)
measure the mean L2 distances between vertices and regressed
joints, respectively. The “PA” prefix indicates Procrutes Align-
ment is conducted before error computation. AGORA Leader-
board [12] introduces NMVE (normalized mean vertex error)
and NMJE (normalized mean joint error) that take detection
performance F1 score into consideration. Moreover, we propose
MPE (mean primary error) that takes the mean of multiple
primary metrics (MPJPE for 3DPW [13] test, and PVE for
AGORA-val, UBody, EgoBody, and EHF) to gauge general-
izability. Similar to the whole-body counterpart, we propose
hand-MPE (the mean of hand PVE) for wrist-aligned hand pose
and hand-PA-MPE (the mean of hand PA-PVE) for local pose of
hands from multiple datasets (AGORA-val, UBody, EgoBody,
EHF, ARCTIC and SynHand) to evaluate the performance of
hand pose estimation across key benchmarks. As 3DPW [13]
provides the annotation in SMPL format for body-only evalua-
tion, we replace it with ARCTIC [8] for hand-relevant metrics.
All errors are reported in millimeters (mm).

B. Overview of Data Sources

In this work, we gather 40 datasets from three major types. 1)
motion capture datasets that leverage optical [8], [9], [30], [31],
[34], [35], [38] or vision-based [5], [11], [27], [42] multi-view
motion capture systems, are typically collected in a studio envi-
ronment. However, it is possible to include an outdoor setup, or
utilize additional sensors such as IMUs or LiDARs [13], [26],
[36]. These datasets generally provide high-quality 3D annota-
tions but are less flexible due to physical constraints, especially
those built with optical motion capture systems. 2) pseudo-
annotated datasets [6], [10], [17], [19], [20], [21], [24], [25],
[29], [32], [33], [37], [39], [40], [41], [43], [79] that re-annotate
existing image datasets with parametric human annotations.
These datasets take advantage of the diversity of 2D datasets, and
the pseudo-3D annotations, albeit typically not as high-quality,
have been proven effective [76]. 3) synthetic datasets [2], [3], [4],
[12], [22], [28] that are produced with renderings engines (e.g.,
Unreal Engine). These datasets produce the most accurate 3D
annotations and can easily scale up with high diversity. However,
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TABLE I
BENCHMARKING EHPS DATASETS. FOR EACH DATASET, WE TRAIN A MODEL ON ITS TRAINING SET AND EVALUATE ITS PERFORMANCE ON THE TESTING SETS OF

FIVE MAJOR BENCHMARKS: AGORA, UBODY, EGOBODY (EGOSET), 3DPW, AND EHF. DATASETS ARE THEN RANKED BY MEAN PRIMARY ERROR (MPE). TOP-1
VALUES ARE BOLDED, AND THE REST OF TOP-5 ARE UNDERLINED. #INST.: NUMBER OF INSTANCES USED IN TRAINING. ITW: IN-THE-WILD. EFT [16],

NEURALANNOT (NEA) [17] AND UP3D [18] PRODUCE PSEUDO LABELS. UNIT: MM.

the synthetic-real gap is not fully addressed. Key attributes of
the datasets are included in Table I.

C. Whole-Body Evaluation Benchmarks

To evaluate the EHPS capability across diverse scenarios, we
select multiple key datasets to form a comprehensive bench-
mark. They should possess the desirable traits such as 1) having
accurate SMPL or SMPL-X annotations, 2) being representative
of certain aspects of real-life scenarios, 3) being widely used,
but this requirement is relaxed for the new datasets which
are released within two years, and 4) has a clearly defined
test set. To this end, five datasets (AGORA [12], UBody [6],
EgoBody [5], 3DPW [13], and EHF [14]) representing different
aspects are selected as the evaluation datasets for whole-body
pose evaluation. We briefly introduce the evaluation datasets
and the rest in the Supplementary Material. AGORA is the
most widely-used benchmark for SMPL-X evaluation. It is a
synthetic dataset featuring diverse subject appearances, poses,
and environments with high-quality annotation. We evaluate on
both validation and test set (leaderboard) as the latter has a
monthly limit of submissions. UBody is the latest large-scale
dataset with pseudo-SMPL-X annotations that covers fifteen
real-life scenarios, such as talk shows, video conferences, and

VLOGs, which mainly present the upper body in images. We
follow the intra-scene protocol in training and testing, where all
scenarios are seen. EgoBody captures human motions in social
interactions in 3D scenes with pseudo-SMPL-X annotations. It
comprises a first-person egocentric set (EgoSet) and a third-
person multi-camera set (MVSet). We test on the EgoSet with
heavy truncation and invisibility. 3DPW is the most popular
in-the-wild dataset with SMPL annotations. Since SMPL-X
annotation is not available, we transform the estimation in
SMPL-X to SMPL topology following [14] for evaluation. EHF
is a classic dataset with 100 curated frames of one subject in
an indoor studio setup, with diverse body poses and especially
hand poses annotated in SMPL-X vertices. It has a test set but
no training or validation sets. Hence, it is only used to evaluate
cross-dataset performance.

Besides being popular or the latest evaluation sets for EHPS,
we further analyze if these five datasets collectively provide
wide coverage of existing datasets. In Fig. 2, we randomly
downsample all datasets to equal length (1 K examples) and
employ UMAP [80] to visualize several key aspects. We use
pretrained ViT-L from HumanBench [72] and OSX [6] to
process patch tokens flattened as feature vectors from images
cropped by bounding boxes. HumanBench is trained for various
human-centric tasks (e.g., Re-ID, part segmentation, and 2D
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Fig. 2. Dataset attribute distributions. (a) and (d) are image feature extracted by HumanBench [72] and OSX [6] pretrained ViT-L backbone. (b) Global orientation
(represented by rotation matrix) distribution. (c) Body pose (represented by 3D skeleton joints) distribution. Both (e) scenes and (f) Real/eot are drawn on the same
distribution as (d). All: all datasets. UMAP [80] dimension reduction is used in all visualization with the x and y-axis as the dimensions of the embedded space.

pose estimation), whereas OSX is an expert model on EHPS. As
for global orientation, it is closely associated with camera pose as
we convert all data into the camera coordinate frame; we plot its
distribution by using flattened rotation matrix representations.
Moreover, we follow [3], [76], [81] to represent poses as 3D
keypoints regressed from the parametric model. Specifically,
we flatten 21 SMPL-X body keypoints, and 15 hand keypoints
from each hand, regressed with mean parameters except for
the body pose and hand poses. More evaluation is included
in the Supplementary Material. It is shown that 1) the five
benchmark datasets have varied distribution, which is expected
due to their different designated purposes, and 2) collectively,
the five datasets provide a wide, near-complete coverage of the
entire dataset pool.

D. Benchmarking on Individual Datasets

In this section, we aim to benchmark datasets and find those
that do well in various scenarios. To gauge the performance
of each dataset, we train a model (SMPLer-X with ViT-S as
the backbone, trained for 5 epochs. See Section IV-A for model
architecture) with the training set of that dataset and evaluate the
model on the testing sets of five evaluation datasets: AGORA,
UBody, EgoBody, 3DPW, and EHF.

In Table I, we report the primary metrics (Section III-A and
ranking of each of the 40 datasets. We also compute the mean
primary error (MPE) to facilitate easy comparison between
individual datasets. Note that for AGORA, UBody, EgoBody,
and 3DPW, their performances on their own test set are excluded
from computing MPE. This is because in-domain evaluation
results are typically much better than cross-domain ones, lead-
ing to significant error drops. In addition, note that there are
datasets designed for specific purposes (e.g., Talkshow [10]
for gesture generation, DNA-Rendering [11], for human NeRF

reconstruction, MoYo [42] for physical plausibility in complex
human motions, and SignAvatars [37] for sign language motion
studies), being ranked lower on our benchmark, which focuses
on EHPS (a perception task) does not reduce their unique values
and contributions to the computer vision community.

From the benchmark, we observe models trained on a single
dataset tend to perform well on the same domain but often cannot
do well on other domains. For example, the model trained on
AGORA is ranked 1st on AGORA, but 6th on UBody, 10th on
EgoBody, 17th on 3DPW, and 30th on EHF. This observation
indicates that 1) the test scenarios are diverse, showcasing the
challenging landscape of EHPS, and 2) data scaling is essential
for training a robust and transferable model for EHPS due to
significant gaps between different domains.

E. hand Evaluation Benchmarks

To provide a comprehensive evaluation of the hand perfor-
mance in the whole-body setting, two additional datasets are
selected for hand pose evaluation. First, ARCTIC is a lab-based
hand-object interaction dataset with accurate SMPL-X annota-
tions for both body pose and hand pose under various scenarios.
There are 10 subjects interacting with 11 objects, with 210 K
frames of videos captured in total. Second, SynHand is the
synthetic dataset introduced in this work (elaborated below),
which features close-up human shots, diverse body shapes with
garments, and a wide range of expressive hand poses.

We introduce SynHand, a synthetic dataset specifically de-
signed for EHPS estimation, with a particular emphasis on
overcoming the challenges of hand pose estimation with the
following motivations. 1) Hand poses in a relaxed state are
frequently observed in many whole-body datasets that do not
prioritize hands. These datasets often lack specific design or
selection criteria for hand poses during the data collection
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Fig. 3. Analysis of hand poses in whole-body datasets. The distribution of
the distance to the relaxed hand pose of each dataset (top) is shown along with
the illustration of pose complexity at various distances (bottom). The hand pose
with a lower distance is more similar to the relaxed pose.

process. 2) The images in mainstream whole-body datasets,
such as those captured or rendered with large fields of view
(FOV) [5], [12], often include multiple humans within a single
frame. However, this broad FOV comes at the cost of resolution,
resulting in low-resolution or barely visible hands in the images.
3) Unlike studio-captured datasets where markers can facilitate
in annotations [8], obtaining accurate hand pose annotations
remains challenging for in-the-wild datasets.

SynHand leverages the layered human model SMPL-XL [4]
and the advanced synthetic rendering toolbox XRFeitoria [83]
to generate photorealistic images of virtual humans with di-
verse body shapes, clothing, and accessories. To capture hands
with clarity and visibility, camera placements are strategically
optimized for close-up shots, ensuring detailed visual repre-
sentations. Moreover, the hand poses are extracted from In-
terHand [84], AGORA [12] and GRAB [85] following BED-
LAM [2], while the body poses are sourced from AMASS [86].
For body poses, we carefully select 100 motions from AMASS,
in which hand movements can be effectively addressed, such
as motions where the wrists are brought forward with fewer
occlusions. These motions were chosen to ensure that, with
appropriate camera placement, the hand poses can be empha-
sized. 80% of the body poses are sampled from this subset while
20% are randomly sampled from the entire AMASS dataset. For
hand poses, left and right hands are randomly sampled from the
three datasets independently. We adopt the official train and test
split provided for InterHand datasets. The combined whole-body
poses are subsequently used to animate the SMPL-XL model,
forming the motion sequences for our dataset. The remaining
aspects of data generation, such as scene setup and render-
ing configurations, follow the approach used in the PDHuman
dataset [87]. Fig. 4 shows examples from the SynHand dataset
with complicated hand poses and accurate annotations. We also
provide the benchmark on SynHand as shown in Table II.

Fig. 3 explains the reason why ARCTIC and SynHand are
selected as key benchmarks for hand pose estimation in EHPS.

Fig. 4. Visualization of SynHand dataset with complex hand poses and accu-
rate annotations.

TABLE II
BENCHMARKING EHPS METHODS ON SYNHAND. UNIT: MM. ∗ DENOTES THAT

THE METHOD USES INTEGRATED DETECTION RESULTS, F1=98.0

Fig. 3 presents an analysis conducted across 17 representative
whole-body datasets with hand pose annotations. It illustrates
the distribution of hand poses as distance to the relaxed hand
(when hand pose parameters are all zero). Note that the relaxed
hands have naturally curled fingers. Specifically, the average
per-vertex position distance from the relaxed hand pose is cal-
culated for each hand pose within each dataset. Higher distance
values indicate greater deviations from the relaxed hand pose,
suggesting more complicated and potentially more meaningful
hand poses. The 17 datasets are thus sorted according to their
median distance to the relaxed hand pose. Notably, SynHand
exhibits the largest median value away from the relaxed hand,
and has a wide range of hand pose distribution, spanning from
less than 5 to greater than 35. ARCTIC is also ranked highly on
this list.

IV. FOUNDATION MODELS

A. Architecture Design

We highlight that training foundation models are very expen-
sive. Hence, it is infeasible to conduct extensive architectural
searches. In this light, we introduce our minimalistic foundation
model frameworks, SMPLer-X and SMPLest-X that only retain
the essential parts for two reasons. First, it must be scalable and
efficient as we train with a large amount of data. Second, we aim
to create a framework that is decoupled from specific algorithm
designs, providing a clean foundation for future research.
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Fig. 5. Architecture of SMPLest-X. Compared with other frameworks with algorithmic modules in various stages (bottom), SMPLest-X (top) has a minimalistic
framework design in all three stages. Noted that SMPLer-X consists B. Component Guiding module in the decoder stage.

As illustrated in Fig. 5, the mainstream frameworks can be
summarized into three stages: encoding, decoding, and regres-
sion stage. Innovative model designs are typically introduced at
one or more of these stages. Our minimalistic framework simpli-
fies each stage, ensuring that SMPLer-X and SMPLest-X do not
require hand or face decoders following part-wise encoding [46],
[51], [82] in the encoding stage. It avoids cross-part feature
interaction modules [45], [48], projections of coarse SMPL-X
estimations [50] in the decoding stage, and post-processings [15]
in the regression stage.

In the decoding stage, SMPLer-X retains only the compo-
nent guiding module, which is intuitive for by-part estimation.
SMPLer-X consists of three parts as shown in Fig. 5: a back-
bone that extracts image features, which we employ Vision
Transformer [52] for its scalability in the encoding stage; the
decoding stage consists of a component guiding module that
predicts bounding boxes and crops regions of interest from the
feature map for hands and face; Multiple regression heads in
the regression stage that estimate parameters for each part (e.g.
body orientation, body pose, hand pose and expressions). The
component guiding module in SMPLer-X functions analogously
to a hand and face bounding box detector in feature space. Hand
joints regressed from cropped features are used to guide infor-
mation extraction. However, this leads to significant information
loss during cropping from the original encoded features and
results in error accumulation during the decoding stage.

To further simplify the design, SMPLest-X eliminates the
component guiding module and replaces it with a transformer
decoder that has no explicit by-part modeling. SMPLest-X, as
its name suggests, is a minimalistic framework that further
simplifies SMPLer-X. By replacing the component guiding
module with a transformer decoder, we observe a significant
performance boost in hand pose estimation.

B. Implementation Details

As shown in Fig. 5, SMPLer-X and SMPLest-X utilizes a
minimalistic design. Before entering the backbone, the image
is cropped by a whole body bounding box and resized to I

with (height, width) as (256, 192). The image is then tokenized
into 32×24 patches with patch size 16, and undergoes patch
embedding, and positional encoding is added to obtain image
tokens Timg . Ttask is additional learnable tokens (task tokens)
that are concatenated with Timg. For SMPLer-X, the Ttask is
specifically designed for body pose and has a size of (25, Dfeat),
whereDfeat is the depth of the feature. SMPLest-X extends the
total size of task tokens to (80, Dfeat) with additional Thands,
Tface, Torients and Ttrans for hand poses, face expressions,
body and hands orientations and translations. Note that the hand
pose token Thands has the dimension of (30, Dfeat) in total, as
the hand pose is considered as complex as the body pose. The
tokens are processed with backbone. Thanks to the scalability
of ViT [52], we are able to experiment with various model
sizes. In the decoding stage, neck of SMPLer-X processes the
image featureFimg from the encoder and predicts face and hand
bounding boxes. The predicted bounding boxes are used in the
ROI (regions of interest) module to crop features from Fimg,
which is re-organized and undergoes transposed convolution
(deconv). The component guiding module consists of a posi-
tional network to predict 3D keypoints of body and hands. Fimg

with the keypoints guidance will be fed into regression heads
along with respective task tokens. Whereas SMPLest-X con-
catenates Fimg with Ttask and feeds it into a 6-layered decoder
instead of the component guiding module. The decoded Ttask is
then fed into hand and face heads to predict parameters. In the
regression stage of SMPLest-X, we include an additional hand
orientation head alongside the heads for body pose, hand pose,
and expression. The predicted hand orientation is to formulate a
parameter-wise consistency loss with the wrist pose of the body,
enhancing accuracy in the distal joints of the upper body and
hand positioning.

V. SCALING UP EHPS

A. Generalist Foundation Models

1) Data Scaling: The SOTA methods [6], [15] usually train
with only a few (e.g., MSCOCO, MPII, and Human3.6 M)
datasets, whereas we investigate training with many more
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TABLE III
EVALUATE FOUNDATION MODELS ON WHOLE-BODY BENCHMARKS. WE STUDY THE SCALING LAW OF THE AMOUNT OF DATA AND THE MODEL SIZES. THE

METRICS ARE MPJPE FOR 3DPW, AND PVE FOR OTHER EVALUATION BENCHMARKS. MPE: MEAN PRIMARY ERROR. THE LOWER, THE BETTER FOR ALL THE

METRICS. THE BEST VALUES ARE BOLDED AND THE SECOND BEST ARE UNDERLINED. AGORA USES THE VALIDATION SET, AND EGOBODY USES THE EGOSET.
40+ DENOTES THE MODEL TRAINED WITH 10 MILLION INSTANCES FROM 40 DATASETS. UNIT: MM.

datasets. However, we highlight that the dataset benchmark
in Table I cannot be used: selecting datasets based on their
performance on the test sets of the evaluation benchmarks leaks
information about the test sets. Hence, we construct another
dataset benchmark in the Supplementary Material, which ranks
individual datasets on the training set of the major EHPS bench-
marks. We experiment with five dataset counts: 5, 10, 20, 32,
and 40 as the training set, corresponding to six different total
instance lengths: 0.75 M, 1.5 M, 3.0 M, 4.5 M, 7.5 M, and 10 M
(denoted as 40+). For scaling up to 32 datasets, we prioritize
higher-ranked datasets in the aforementioned benchmark in
Supplementary Material. For scaling up further to 40 datasets,
we incorporate additional open-sourced datasets and explore the
impact of further increasing instance counts within the same
data domain. To prevent larger datasets from shadowing smaller
datasets, we adopt a balanced sampling strategy. Specifically, all
selected datasets are uniformly upsampled or downsampled to
the same length and add up to the designated total length. To fa-
cilitate training, we standardize all datasets into the HumanData
format [88].

2) Model Scaling: We also study four ViT backbones of dif-
ferent sizes (ViT-Small, Base, Large and Huge). The training is
conducted on 16 V100 GPUs, with a total batch size of 512 (256
for ViT-Huge) for 10 epochs (5 epochs for ViT-Huge training

with 7.5 M and 10 M instances from 40 datasets). Specifically,
SMPLer-X-L20 and SMPLest-X-L20 take more than 400 GPU
hours, SMPLer-X-H32 and SMPLest-X-H32 take more than 700
GPU hours, SMPLer-X-H40+ and SMPLest-X-H40+ take more
than 2600 GPU hours to train. We use Adam optimizer with
cosine annealing for both training and fine-tuning. The learning
rate for training is 1× 10−5 with the minimum learning rate set
to 1× 10−6, while the learning rate for finetuning is 1× 10−5

with the minimum learning rate set to 5× 10−7.
3) Evaluating the Generalists: In Tables III, IV, and V, we

show experimental results of data scaling and model scaling with
proposed minimalistic framework SMPLer-X and SMPLest-X.
It is observed that: 1) More training dataset leads to better
performance in terms of MPE, hand-MPE and hand-PA-MPE.
The model performance improves gradually as the number of
training datasets increases, while with the same training data
domain, improving the number of instances does not guarantee
the improvement of performance. 2) A larger foundation model
performs better at any given amount of data. However, the
marginal benefits of scaling up decrease beyond a sufficiently
large model size. Specifically, ViT-H has more than twice the
parameters than ViT-L, but the performance gain is not promi-
nent. 3) As shown in Fig. 1, Tables III, IV, and V, when the
training data is limited (e.g., fewer than 3 M instances), data
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TABLE IV
EVALUATE FOUNDATION MODELS ON HANDS. WE STUDY THE SCALING LAW OF THE AMOUNT OF DATA AND THE MODEL SIZES AND EVALUATE THE HAND POSE

ESTIMATION. THE METRICS ARE HAND PA-PVE AND HAND PVE FOR ALL EVALUATION BENCHMARKS. (PA-)MPE: (PA-)MEAN PRIMARY ERROR. BEST VALUES

ARE BOLDED AND SECOND BEST ARE UNDERLINED. AGORA USES THE VALIDATION SET, AND EGOBODY USES THE EGOSET. UNIT: MM.

TABLE V
MEAN PRIMARY ERROR (MPE) OF WHOLE-BODY AND HAND POSE

ESTIMATION. WE EVALUATE EHPS METHODS ON MULTIPLE BENCHMARK

DATASETS FOR WHOLE-BODY AND HAND POSE ESTIMATION. UNIT: MM.

scaling provides the most efficient performance improvements.
However, beyond the tipping point of 3 M instances, the benefits
of additional data gradually diminish, reaching a saturation point
at 10 M instances. In this regime, model scaling becomes more
effective, enabling the model to better exploit the available data
and capture richer information. 4) The foundation model always
performs better than in-domain training on a single training
set. For example, SMPLer-X-B20, performs better on the test
sets of AGORA-val, UBody, EgoBody, and 3DPW, than models
trained specifically on the corresponding training set in Table I.
5) By removing the component guiding module in SMPLer-X
and replacing it with a decoder, SMPLest-X has significant im-
provement in hand pose estimation (15% lower in hand-PA-MPE
and 13% lower in hand-MPE) as shown in Table V. In addition,
we compare our foundation model with SOTA methods across
various scenarios, as shown in Fig. 6 for whole-body qualitative

evaluation and Fig. 7 for diverse hand poses in the circumstance
of severe occlusion, object interaction and challenging poses.

Moreover, we show detailed by-part results of body, hands,
and face on main benchmarks such as AGORA test set (Table
VI), AGORA validation set (Table VII), UBody (Table IX),
EgoBody-EgoSet (Table X), EHF (Table VIII), ARCTIC(Table
XI) and DNA-Rendering (Table XII). We highlight that the
foundation models show strong and balanced performances on
all benchmarks.

B. Specialist Models

1) Finetuning the Specialists: Training the foundation model
with a large number of data is expensive. For example, SMPLer-
X-H40+ and SMPLest-X-H40+ takes more than 2600 GPU
hours to train. Hence, it is critical to investigate finetuning strate-
gies that allow for low-cost adaptation of the foundation model to
specific scenarios. We reiterate that in real-life applications, the
test set is inaccessible. Hence, besides the respective training set
of the target dataset, we use our dataset selection strategy based
on the benchmarking in the Supplementary Materialand select
four high-ranking datasets on the target train set to finetune the
model for five epochs.

2) Evaluating the Specialists: We finetune the generalist
model with ViT-L backbone to match the current SOTA [6]
and the generalist models with ViT-H backbone to explore the
limit of SMPLer-X and SMPLest-X specialists. The evalua-
tion of specialists are shown in Tables VI, VII, VIII, IX, X,
XI, and XII. Moreover, we evaluate the transferability of our
foundation models on EHF (Table VIII), ARCTIC (Table XI)
and DNA-Rendering (Table XI). EHF is a test-only benchmark
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Fig. 6. Visualization. We compare SMPLest-X-L40 and SMPLer-X-L40 with OSX [6] and Hand4Whole (H4W) [51] (trained with the MSCOCO, MPII, and
Human3.6M) in various scenarios. Green dotted boxes mark the body parts where our method outperforms others, while red dotted boxes indicate less accurate
areas. A zoomed-in version is provided in the Supplementary Material.

TABLE VI
AGORA TEST SET. † DENOTES THE METHODS THAT ARE FINETUNED ON THE AGORA TRAINING SET. ∗DENOTES THE METHODS THAT ARE TRAINED ON AGORA

TRAINING SET ONLY

TABLE VII
AGORA VAL SET. † AND ∗ ARE FINETUNED ON THE AGORA TRAINING SET,

AND TRAINED ON THE AGORA TRAINING SET ONLY, RESPECTIVELY

without training set provided, ARCTIC features complicated
hand-object interaction with whole-body annotations, and DNA-
Rendering includes diverse subjects, motions, and garments.
Note that ARCTIC is not seen by foundation models trained on
top 10 datasets, and DNA-Rendering is not seen by foundation
models trained on top 20 datasets. The foundation models,

TABLE VIII
EHF. AS EHF DOES NOT HAVE A TRAINING SET TO BENCHMARK DATASETS,

WE FINETUNE THE MODEL WITH 5 SELECTED DATASETS. AS EHF IS NOT

SEEN IN OUR TRAINING AND CAN BE USED TO VALIDATE OUR FOUNDATION

MODELS’ TRANSFERABILITY.

however, achieve much better performance than SOTAs with
conventional data sampling strategies.

C. Training Domains

In Table XIII, we study the impact of using the training split of
an evaluation benchmark on its corresponding test split. We have
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Fig. 7. Visualization of hands by SMPLest-X. SMPLest-X demonstrates
robust hand pose estimation in whole-body pose and shape estimation tasks
across various scenarios, including occlusion (top), object interaction (middle),
and challenging hand poses (bottom).

TABLE IX
UBODY. † DENOTES THE METHODS THAT ARE FINETUNED ON THE UBODY

TRAINING SET. ∗ DENOTES THE METHODS THAT ARE TRAINED ON UBODY

TRAINING SET ONLY.

TABLE X
EGOBODY-EGOSET. † DENOTES THE METHODS THAT ARE FINETUNED ON THE

EGOBODY-EGOSET TRAINING SET. ∗ DENOTES THE METHODS THAT ARE

TRAINED ON EGOBODY-EGOSET TRAINING SET ONLY.

two key observations. First, in-domain training (including the
training split of a dataset in training and testing on the test split
of the same dataset) is highly effective, as “seeing” the dataset
always brings significant performance improvement (R2 vs. R3).
Second, having out-of-domain training sets helps if the training

TABLE XI
ARCTIC. † AND ∗ DENOTE THE METHODS THAT ARE FINETUNED ON THE

ARCTIC TRAINING SET AND TRAINED ON THE ARCTIC TRAINING SET ONLY,
RESPECTIVELY.

TABLE XII
DNA-RENDERING-HIRES. † AND ∗ ARE FINETUNED ON THE

DNA-RENDERING-HIRES TRAINING SET AND TRAINED ON THE

DNA-RENDERING-HIRES TRAINING SET ONLY, RESPECTIVELY.

data is sufficiently diverse. For example, SMPLer-X-L with
four seen datasets benefitted little from having one additional
dataset (5 datasets in total with 85.2 mm MPE) but tremendously
from having 10 datasets in training (with 72.7 mm MPE). It is
worth noting that training with a lot of datasets also benefits
out-of-domain (“unseen” benchmarks) performance as errors on
EHF (by 20.2 mm PVE reduction), ARCTIC (by 22.8 mm PVE
reduction), and DNA-Rendering (by 22.4 mm PVE reduction)
decrease with more datasets in the training set and four seen
datasets fixed (R3 vs. R5). With the amount of training data
limited and fixed, training with out-of-domain data with more
varieties brings more benefits than in-domain data (R3 vs. R4).
Finally, training on 40 datasets with SMPLest-X-H achieves
the best performance with a 58.9 mm MPE, demonstrating it
as a robust and effective SMPL-X estimator. However, further
increasing the number of instances from 7.5 M to 10.0 M within
the same training domain (comprising the 40 datasets) does not
promise a performance improvement (R8 vs. R9).

D. Data Sampling Strategies

As for the sampling strategy, we perform the ablation study on
three different strategies, including 1) Balanced: we set all the
datasets to have the same length; 2) Weighted: we set the dataset
length according to the individual dataset benchmark rankings.
Specifically, we sort the datasets based on their rankings and then
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TABLE XIII
IMPACT OF IN-DOMAIN TRAINING. WE INVESTIGATE THE IMPACT OF SEEING THE TRAIN SPLIT OF A BENCHMARK DATASET DURING TRAINING AND HOW THIS

MAY AFFECT THE GENERALIZABILITY OF A MODEL. THE HIGHLIGHTED YELLOW SHADED NUMBERS DENOTE THAT THE CORRESPONDING TRAIN SPLIT IS USED

IN TRAINING. EXCEPT FOR 3DPW USING MPJPE AS THE METRIC, OTHER DATASETS ARE EVALUATED VIA PVE. THE LOWER THE BETTER FOR ALL THE

METRICS. TOP-1 VALUES ARE BOLDED, AND THE SECOND BEST VALUES ARE UNDERLINED. EGOBODY: EGOBODY-EGOSET. AGORA: AGORA-VAL. #ROW: ROW

NUMBER. #DATA.: NUMBER OF DATASETS. #SEEN: NUMBER OF EVALUATION BENCHMARKS’ TRAIN SPLITS USED IN THE TRAINING. #INST.: NUMBER OF TRAINING

INSTANCES. UNIT: MM.

TABLE XIV
DATA SAMPLING STRATEGIES. WE TRAINED SMPLER-X-H32 MODELS WITH

DIFFERENT DATA SAMPLING STRATEGIES. UNIT: MM.

TABLE XV
TRAINING SCHEMES. WE STUDY THE DIFFERENT TRAINING SCHEMES BY

COMPARING THE MODEL TRAINED WITH THE TOP 5 / TOP 10 DATASETS WITH

THE BOTTOM 5 / BOTTOM 10 DATASETS ACCORDING TO OUR INDIVIDUAL

DATASET BENCHMARK RANKINGS. UNIT: MM.

assign weights to each dataset. As a result of this weighting, the
datasets are upsampled or downsampled so that the lengths of
the datasets are adjusted to an arithmetic sequence. The length of
the dataset with the highest ranking is 4 times that of the dataset
with the lowest ranking, and the sum of the total lengths of all
datasets is fixed; 3) Concatenated: we simply concatenate all the
datasets with their original length.

The performance of the foundation model is not sensitive to
the sampling strategy as shown in Table XIV, while the balanced
strategy is more intuitive, easy to implement, and efficient, the
weighted strategy may have more potential to improve perfor-
mance but may require more effort in weight tuning.

E. Training Schemes

As shown in Table XV, we perform the ablation study for the
training scheme. We investigate the effect of dataset selection.
We select the bottom five and bottom 10 datasets according to
the rankings of our individual dataset benchmark on training sets
in Supplementary Material and trained the SMPLer-X-B model
with the same number of instances as used in training with the
top 5 and top 10 datasets.

Fig. 8. Attentions of tokens. The extended tokens in SMPLest-X attends to
the respective information in the image feature without additional component
guidance.

It is proved that our training scheme is efficient. Selecting
the top 5 or top 10 datasets according to the single dataset
benchmark leads to a much better performance compared to
selecting the bottom five or bottom 10 datasets. The foundation
model can benefit from adding higher-ranked (i.e., Top 5/10)
data into training, while lower-ranked data (i.e., Bottom 5/10) is
not as effective in improving the model’s performance.

F. effectiveness of Tokens

In SMPLest-X, the component guiding module from
SMPLer-X is replaced with a decoder, and the body pose token is
extended to include multiple specific task tokens. As illustrated
in Fig. 8, these tokens effectively attend to their respective
information in the image feature without requiring additional
guidance. For instance, the body pose token activates in the
torso region, body orientation tokens focus on the shoulders and
pelvis, hand pose tokens concentrate on the fingers of both hands,
and hand orientation tokens primarily attend to the upper body,
with a particular emphasis on the wrists. The hand pose token
has proved effective in capturing local hand pose (evaluated by
hand-PA-MPE) while the hand orientation token shows that the
upper body is essential for accurate hand orientation (evaluated
by hand-MPE).

G. scaling up With CNN Backbones

We choose ViT architecture as our backbone since it has been
a popular choice for building large models, and this is the first
comprehensive investigation in scaling up both training data
and model size of EHPS models. Though the transformer-based
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TABLE XVI
SCALING UP WITH CNN BACKBONE. WE STUDY EFFECT OF DATA SCALING ON

THE METHOD WITH CNN BACKBONES. UNIT: MM

architecture cannot be trivially changed to a CNN-based counter-
part (SMPLer-X and SMPLest-X requires task tokens to estimate
body pose parameters), we have also trained a Hand4Whole [51],
as the CNN-based foundation model (ResNet50 backbone for
body and hand, ResNet18 for face with a total of 77 M trainable
parameters) as shown in Table XVI to verify that the conclusion
still holds true for CNN-based architectures. We highlight that
similar to SMPLer-X and SMPLest-X, scaling up the training
data for a CNN-based foundation model also shows a substantial
performance boost.

VI. DISCUSSIONS

Previous algorithmic studies may have been premature, as
the impact of massive data had not been fully explored or ruled
out. Our study investigates the non-algorithmic aspects of EHPS
through a focus on data- and model-scaling, and systematically
apply extensive datasets to their fullest extent on various model
sizes. In this section, we discuss the key limitations and take-
aways.

By consolidating nearly all available datasets, we observe a
clear diminishing return across all model sizes: within the same
data domain (40 datasets), increasing the training instances from
7.5 M to 10 M raises the computational cost by 43% (from
23 hours per epoch to 33 hours per epoch), yet results in only
marginal performance improvement. Hence, our results suggest
that further data scaling has reached a saturation point, indicating
the limitations of scaling alone in driving further advancements.
With this saturation established, future research on dataset may
focus on improving quality through higher-quality annotations
and greater diversity, as suggested by our benchmarking anal-
ysis. Meanwhile, the field is better poised for a necessary shift
toward genuine algorithmic advancements upon sufficient pre-
training with diverse data.

The minimalistic models, SMPLer-X and SMPLest-X, pro-
posed in this work are parameter-based regression models. How-
ever, the improvements from further scaling remain marginal
due to the accumulation of errors along the kinematic chain
pre-defined in the parametric human model. Future work may
focus on designing algorithms to reduce end-effector errors
in pose estimation by incorporating inverse kinematics, or on
formulating the task as direct mesh recovery for more accurate
human shape estimation and improved image–pose alignment.

Moreover, this work adopts the ViTPose [90] family as pre-
trained backbones, yet more recent human-centric foundation
models (e.g., Sapiens [74]) provide pretrained models trained on
higher-resolution images and of larger sizes. Such developments

open promising avenues for scaling even stronger foundation
models for EHPS.

Another primary limitation of this study is the representative-
ness of the datasets used. While we employ five comprehensive
benchmark datasets to assess whole-body generalization capa-
bilities (with two additional datasets for hand evaluation), these
may not fully capture the complexity and diversity of real-world
distributions. Nonetheless, to the best of our knowledge, this
work constitutes the most systematic generalization study of
EHPS to date. We are confident that our observations are broadly
applicable to in-the-wild scenarios and provide valuable insights
for future research.

VII. CONCLUSION

In this work, we benchmark datasets for EHPS that provide us
insights to train and finetune a family of foundation models with
minimalistic architectures. Our extensive experiments on data-
and model-scaling have systematically explored the impact of
leveraging all available datasets to their fullest extent, allowing
the foundation models to outperform existing state-of-the-art
approaches in accuracy and generalizability.

Our study is thus useful in three ways. First, our systematic
study on EHPS datasets, generalization metrics (MPE), and
proposed benchmarks serve to gauge the performances of future
investigations in building high-performance and robust models
for in-the-wild EHPS. Second, SMPLer-X and SMPLest-X are
intentionally designed with simplicity and modularity in mind,
incorporating highly reusable components and trained on mas-
sive datasets, thereby relieving future researchers of the need to
replicate this resource-intensive process. Hence, the pretrained
models or their components can be a plug-and-play part of any
system for EHPS or downstream tasks. Third, our benchmark-
finetuning paradigm can be useful for the rapid adaptation of any
foundation model to specific scenarios. Specifically, users may
collect a training set, evaluate pretrained models of various other
datasets on it, and select the most relevant datasets to finetune a
foundation model.
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