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Abstract

Fine-tuning directly on user-side data is an effective way to improve the performance of
widely adopted data-driven HMR models. However, doing so for existing HMR methods
often assumes aggregating user-side data from real-world HMR-deployed devices to a central
training server, posing a significant privacy risk as sensitive human images are transmitted.
How can human mesh recovery be evaluated and improved in privacy-constrained real-
world settings? This paper serves as a benchmark study of this problem. We conduct a
comprehensive benchmark in which state-of-the-art HMR models are trained under federated
and secure-aggregation variants that avoid raw-image centralization under explicit threat-
model assumptions and benchmark their performance under a wide array of realistic client-
scale and data-heterogeneity settings. We document that common HMR training pipelines
are built around centralized data access and quantify how representative HMR, backbones
behave when that assumption is removed. Furthermore, to study the data bottleneck of
privacy-constrained HMR training, we propose a local annotation and fine-tuning pipeline
enhanced with depth foundation models, with which collaboratively trained HMR, models
can be locally tailored to the end user’s distribution. We demonstrate its effectiveness
with results on in-the-wild data while clarifying that the reported personalization gains
are measured against DePoser-generated pseudo-ground truth. This benchmark aims to
support future work on privacy-constrained HMR models and their real-world deployment
and evaluation.

1 Introduction

Advancements in human mesh recovery (HMR) methods Lin et al. (2021b); Cho et al. (2022); Dou et al.
(2023); Li et al. (2023a); Lin et al. (2021c); Li et al. (2021) have enabled a wide range of real-world appli-
cations, such as virtual reality Apple Inc. (2024); Meta Platforms, Inc. (2024a); VRChat (2024), augmented
reality Meta Platforms, Inc. (2024b), human behavior analysis Liu* et al. (2022); Guo* et al. (2023); Zhang
et al. (2023; 2024), autonomous driving NotaTeslaApp (2023) and virtual try-on FXGear (2024). Accurate
human mesh recovery is always desired for those human-centric applications.

For general learning-based applications like medical image computing Guan et al. (2024); Adnan et al.
(2022); Rehman et al. (2023) or on-device speech recognition Brydinskyi et al. (2024); Azam et al. (2023a;b),
fine-tuning the model directly on user-side data is one of the most effective ways of enhancing the model
performance by minimizing the domain gap Mairittha et al. (2020); Lee et al. (2023). To our best knowledge,
existing HMR frameworks Kanazawa et al. (2018); Lin et al. (2021b); Dou et al. (2023); Cho et al. (2022);
Choi et al. (2020); Li et al. (2021; 2023b;a); Lin et al. (2023) are typically developed and evaluated under
the setting where all training data are on a single device, which we refer to as the centralized setting. As
a result, HMR model training using existing frameworks usually assumes the collection and aggregation of
sensitive data from user devices to a central training server. This raises privacy and compliance concerns,
which is increasingly challenging, if not infeasible, under strict privacy regulations such as the General Data
Protection Regulation (GDPR) European Parliament and Council of the European Union (2016). A naive
raw-data-local solution would be training the HMR model locally on each edge device, leveraging the scarce
collection of user data. However, since the mapping from a monocular image to a 3D human’s pose and
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Figure 1: Comparison between centralized and privacy-constrained HMR frameworks. Existing HMR
frameworks commonly assume centralized training (a), which requires uploading sensitive user data and therefore
raises privacy concerns. In comparison, PCHMR benchmarks privacy-constrained settings for HMR models (b),
where raw data remains local and only model-side information is exchanged under the specified collaborative-training
protocol. This opens a wide range of applications with additional supervision from locally learned annotation and
allows improvement of HMR model performance with privacy-constrained real-world human data.

shape is highly complex, training such a model with limited real-world data collected from only a single edge
device would result in significantly inferior performance compared to centralized training; See Appendix. F.
This poses a performance-privacy dilemma: the desire to effectively utilize user data on the edge to enhance
the model’s performance, conflicting with the principle of avoiding raw-data centralization.

Despite tremendous efforts in HMR Kanazawa et al. (2018); Lin et al. (2021b); Dou et al. (2023); Cho et al.
(2022); Choi et al. (2020); Li et al. (2021; 2023bsa); Lin et al. (2023); Fiche et al. (2025) where models
are centrally trained and evaluated under ideal conditions, we argue that a practical and critical question
in the application of HMR remains unexplored: How does state-of-the-art methods perform under privacy-
constrained real-world settings, where centralized aggregation of data from user devices is infeasible due to
privacy concerns?

This work presents a systematic benchmark study of HMR models Dou et al. (2023); Cho et al. (2022)! under
a comprehensive series of privacy-constrained, real-world settings, answering the aforementioned question.
In all of our experiments, the training is conducted with a client-server model, where each client holds a part
of the training data, which is never shared. Under this framework, we then scale up to a large number of
clients, where we found that the HMR models converge with minimal accuracy loss even with 1,000 clients. In
addition, since each HMR-equipped device user could have a different usage pattern, we simulate real-world
data non-uniformity with three schemes of varying complexity. When data heterogeneity is pronounced,
collaboratively trained HMR models can match, and in some settings slightly exceed, their centrally trained
counterparts. We interpret this as evidence that federated training need not degrade HMR accuracy under
the tested protocols; whether the occasional gains arise from aggregation-induced regularization, training-
budget effects, or variance in centralized baselines remains an open question. Furthermore, we evaluate a
secure aggregation variant with MPC Knott et al. (2021). This variant protects the aggregation channel

1 Although we select two representative transformer-based methods, the framework discussed in this paper is agnostic to the
choice of HMR architecture.
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under an honest-but-curious server assumption and prevents the server from directly observing individual
client updates, but it should not be read as an attack-based privacy evaluation of the released global HMR
model. With less than 2x the run time in our small-scale measurement, MPC appears feasible enough to
merit further system-level study.

In privacy-constrained HMR, raw images cannot be transmitted to a central server, so locally annotated
data becomes essential both for collaborative training and model personalization. However, user- and
environment-specific scenarios vary widely, so the annotation pipeline must be especially robust, which
makes optimization-based annotators appealing due to their stability and accuracy. Unlike existing meth-
ods Bogo et al. (2016); Pavlakos et al. (2019a; 2018b; 2019b); Xu et al. (2019) that rely on sparse cues such
as 2D keypoints or masks, whose performance can be limited by detector quality and monocular ambiguity,
we introduce DePoser, a depth-aware HMR annotation pipeline.

DePoser leverages the large human vision foundation model Sapiens Khirodkar et al. (2024), a 2B-parameter
model trained on 300M+ in-the-wild images, to provide body-part relative depth cues, and then aligns these
predictions to metric scale via a lightweight linear regressor trained with a general absolute depth estimator,
preserving Sapiens’ structure. At the same time, we exploit Sapiens’ accurate and robust 2D joint predictions
to provide stronger optimization signals. This yields 2.5D keypoints that couple precise localization with
scale-invariant depth, reducing ambiguity and improving the annotator in the evaluated settings. DePoser
is fully monocular, deployable on common devices from a single RGB image input. We validate our pipeline
against Pavlakos et al. (2019a) and benchmark downstream HMR models on an internet-sourced VR dataset
annotated by DePoser. Because the current comparison changes both the 2D keypoint source and the depth
term, we treat the improvement as evidence for the combined DePoser pipeline rather than as a component-
level ablation of depth alone.

We show that locally fine-tuning models on such DePoser-generated annotations enhances HMR perfor-
mance in privacy-constrained collaborative training setups, enabling on-device models to self-collect pseudo-
supervision. In summary, our contributions are:

o We identify and evaluate the centralized-data assumption in state-of-the-art HMR training pipelines,
which is essential for real-world applications of such models.

e We provide a comprehensive study of state-of-the-art HMR models, investigating their performance
under privacy-constrained training settings of various complexity and assessing the feasibility of
collaborative training for HMR models.

o Local annotators are essential for privacy-constrained HMR, training. Motivated by the depth am-
biguity issue of previous optimization-based HMR annotators, we further propose a local HMR
annotation pipeline enhanced by depth foundation models, which can be integrated with the pro-
posed collaborative training framework while making the pseudo-label dependency explicit.

2 Related Work

There has been a plethora of recent works on 3D representations of the human body or body parts, such as
3D skeleton Martinez et al. (2017); Mehta et al. (2017); Yang et al. (2018b), 3D whole-body mesh Li et al.
(2021; 2023a); Dou et al. (2023); Cho et al. (2022); Choi et al. (2020); Lin et al. (2021b), and 3D hand/face
recovery Wu et al. (2024); Shimada et al. (2023); Moon et al. (2024). Due to the large amount of prior work,
we focus on the 3D whole-body mesh recovery in the following section for their highest relevance.

2.1 Human Mesh Recovery

Optimization-based Human Mesh Recovery. This approach estimates the 3D mesh that is consistent
with the 2D observation under various constraints by directly optimizing with standard body model parame-
ters. After the seminal work SMPLify Bogo et al. (2016), different objective functions Pavlakos et al. (2018b);
Xu et al. (2019); Pavlakos et al. (2019b) are proposed to analyze the predicted 3D mesh that is compatible
with the 2D image observation. In addition, factors such as shape, pose, and segmentation provide additional
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priors to the optimization problem, such as HuMoR Rempe et al. (2021), Pose-NDF Tiwari et al. (2022)
and others Giiler et al. (2018); Ke et al. (2022). This type of method has also been expanded to regress
detailed human body, hand, and face at the same time Pavlakos et al. (2019a); Zioulis & O’Brien (2023);
Lin et al. (2024). Optimization-based methods apply gradient-based optimization with a neural network
and perform iteratively to obtain accurate mesh results such as HUND Zanfir et al. (2021) and LVD Corona
et al. (2022). This method generally yields a higher quality of mesh compared with the regression-based
approach; however, due to their iterative optimizing nature, these methods are often incapable of real-time
inference.

Regression-based Human Mesh Recovery. This method generates 3D human mesh directly from pixels
with an end-to-end network. Various methods use intermediate representations such as joints Xue et al.
(2021), segmentation Rueegg et al. (2020), UV maps Yao et al. (2019) or heatmaps Moon & Lee (2020) to
supply additional information for the mesh regression. In addition, forward kinematics and inverse kinematics
may be considered at the same time as additional constraints for the neural network, such as HybrIK Li
et al. (2021), HybrIK-X Li et al. (2023b) and NIKI Li et al. (2023a). This representation is then passed
into a decoder network, the output of which could be classified into the following two categories: parametric
output and non-parametric output. The first is in the parameter space of parametric models such as Loper
et al. (2023), while the latter is in 3D space, such as joints and mesh vertex coordinates. SOTA performance
has been achieved by transformer-based methods such as METRO Lin et al. (2021b), MeshGraphormer Lin
et al. (2021c) and FastMETRO Cho et al. (2022), which are non-parametric approaches excelling at modeling
long-range dependency, making them robust even under occlusions. Transformer efficiency is optimized with
token pruning methods such as in TORE Dou et al. (2023).

2.2 Federated Learning

Federated Learning (FL) McMahan et al. (2017) is a family of raw-data-local distributed machine learning
paradigms that differs from the ordinary training paradigm (we refer to it as Centralized Training): FL does
not require the raw training data to be sent back to the central server to train the model. Instead, it trains a
local model and sends the local model updates to the central server to aggregate a global model. This design
reduces raw-data exposure and can be combined with secure aggregation or differential privacy, but FL alone
does not constitute a complete privacy guarantee against all leakage channels, including information that
may be inferable from model updates or a released global model Kairouz et al. (2019).

FL has been successfully applied to diverse fields—recommender systems Du et al. (2021); Caballero et al.
(2016); Duan et al. (2020); Muhammad et al. (2020), finance Cheng et al. (2019), edge computing Ye et al.
(2020); Jiang et al. (2020); Wang et al. (2021); Liu et al. (2021), industrial applications Tang et al. (2022);
Zhao et al. (2020); Li et al. (2020a), and healthcare Ouyang et al. (2021); Dayan et al. (2021); Ma et al.
(2022); Chen et al. (2020)—thanks to its collaborative and raw-data-local nature. FL also demonstrates
strong performance in computer vision Liu et al. (2020); Li et al. (2019), natural language processing Yang
et al. (2018a); Lin et al. (2021a), and automatic speech recognition Azam et al. (2023b); Zhu et al. (2022).
However, to our knowledge, it has not yet been used to address data grounding challenges in real-world
monocular HMR. Existing FL-based computer vision solutions mostly cover image classification Liu et al.
(2020) or segmentation Li et al. (2019), with the only human-related FL work focusing on pose estimation
from either images or point clouds Zhuang et al. (2024); Wang et al. (2024)—a task that differs significantly
from monocular HMR and yields only basic 2D poses. In contrast, our approach directly regresses the 3D
human mesh from standard RGB images, offering a more versatile and practical solution without the need
for specialized hardware.

Other distributed training paradigms are also relevant. Split learning trains different model segments across
client and server and exchanges intermediate activations rather than complete model updates Vepakomma
et al. (2018), while FedSplit studies operator-splitting based federated optimization Pathak & Wainwright
(2020). These approaches may be useful for future HMR systems with different communication, compute,
and leakage trade-offs. In this paper, we focus on federated parameter sharing because it directly tests
whether existing HMR backbones can be trained without centralizing raw user images, and because it is
readily supported by mature benchmark infrastructure.
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Figure 2: Overview of the Pipeline for Privacy-Constrained HMR. This shows an overview of the real-world
pipeline for privacy-constrained HMR training on a client device. Data labeling can be done offline via a local data
annotator (1,2). After that, the label of user-generated data is used to collaboratively train a new global model with
privacy constraints (3, 4). Note that during the process the user data never leaves its private domain. The global
model is then used to provide better local data representation for local real-time inference (5,6). PCHMR benchmarks
implementations of such privacy-constrainted pipeline under various real-world settings.

3 Method

Central to the PCHMR framework is an HMR model M, with parameters w takes a monocular image
T € RTXWX3 a5 input and outputs a 3D human mesh V € R5890%3 in the SMPL Loper et al. (2023)
topology.

Under our privacy-constrained setting, the HMR model is trained on a distributed HMR dataset, divided
into disjoint subsets D = U}_,;Dy and D; N D; = () Vi # j, where each subset Dy is locally collected
and annotated on device k. Each local dataset consists of nj locally annotated image-human mesh pairs,
Dy ={(Z;,Vi)})i*,. An overview of the PCHMR framework is shown in figure 2.

i=
We first conduct a comprehensive benchmark of HMR in privacy-constrained real-world settings in sec-

tion 3.1. Then, in Sec. 3.2, we introduce and evaluate a local data annotator, named DePoser, which enables
human mesh annotation for privacy-constrained HMR training.

3.1 Privacy-Constrained Benchmark Construction

We create a client-server framework to train HMR models in a raw-data-local way to construct our bench-
mark. Specifically, we use the Flower Beutel et al. (2020) library to simulate a federated training setup.
While Secure Multi-Party Computation (MPC) Knott et al. (2021) and Differential Privacy (DP) Dwork
(2006); Abadi et al. (2016) are also considered for privacy-preserving machine learning methods, due to
the computation and communication overhead of completely setting up MPC training and the performance
degradation of DP under large scale models (such as SOTA HMR models), we primarily focus on bench-
marking under the Federated Learning McMahan et al. (2017) approach. We consider the basic setup for
federated training and the secure-aggregation variant enabled by MPC. Additional details on MPC and DP
are discussed in Appendix. section E.

Privacy Scope and Threat Model. Our benchmark evaluates utility when raw images and mesh an-
notations remain on client devices. In vanilla FL, the server still receives individual model updates, so the
protocol reduces raw-data centralization but does not by itself rule out update-level or released-model leak-
age. In the secure-aggregation variant, we assume an honest-but-curious server and use MPC to prevent the
server from observing individual client updates before aggregation. We do not claim formal differential pri-
vacy and do not perform membership-inference, gradient-inversion, or model-inversion attacks in this work;
these attack-based privacy evaluations are important future extensions.
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We conduct a series of comprehensive experiments on two popular HMR models Cho et al. (2022); Dou et al.
(2023) on various settings that closely reflect the complexities of the real-world training environment:

Large Number of Participating Devices. In a typical real-world privacy-respecting setup, a large
number of user devices are often involved Huba et al. (2022); Bonawitz et al. (2019). In addition, due to
varied usage patterns, it is impossible for each user to participate in every global fitting round. Based on
these observations, we perform experiments with 10, 100, and 1000 simulated user devices (clients), with
data randomly partitioned for each device to simulate locally collected and stored private training data.
The number of our clients is limited by the total training dataset size (~500,000 samples), averaging about
hundreds to a few thousand data points per client, depending on the setup. In each training round, 10 clients
are randomly selected as participants, which trains one epoch using the locally partitioned data. Then, the
model weights are uploaded to the central server and aggregated, while the local dataset remains local for
raw-data locality.

Heterogeneous Data Distribution. In the privacy-constrained HMR training setup, the training data
are collected and annotated locally. Thus, each user’s locally annotated dataset can differ substantially in
data distribution and volume from another user’s local dataset due to variation in human identity, body
shape, attire, and usage environment. We employ multiple methods to simulate this highly non-uniform
data distribution:

1) We use Latent Dirichlet Allocation Blei et al. (2003) (LDA) with the parameter a to control the degree
of heterogeneity of the distribution. See Appendix. H.1 for a visualization.

2) We create a mixed dataset comprising a series of datasets Ionescu et al. (2013); Lassner et al. (2017);
Lin et al. (2014); Andriluka et al. (2014); Mehta et al. (2017) with 3DPW von Marcard et al. (2018) and
assign clients according to datasets. This creates a more heterogeneous setup, benchmarking the SOTA
HMR model’s capability under challenging training settings.

3) To simulate real-world fine-tuning, where a centrally pre-trained HMR model is fine-tuned with user-
side data, we perform privacy-constrained fine-tuning on the in-the-wild 3DPW Von Marcard et al. (2018)
dataset. We further adopt the challenging setup of assigning each scene to a participating client, which
resembles real-world use cases where each client uses their edge device in a different environment.

Privacy-Constrained Personalized Fine-tuning. Data distribution alignment is essential in real-world
deployment of HMR, models, which could be effectively achieved by directly fine-tuning on the end user’s
data distribution. To evaluate the effectiveness of model personalized fine-tuning, where federated-trained
HMR model is further fine-tuned on each user’s local dataset, we collect a dataset of over 3000 images from
the internet and in-house VR usage footage, comprising 4 different scenes with users using VR and AR
devices. The internet subset is drawn from publicly accessible videos, and the in-house subset is recorded
with participant consent for research use. We use this dataset as a personalization stress test rather than as
a demographic coverage benchmark. We further randomly partition the dataset into training and validation
sets, fine-tuning the model for 2 epochs on the training sets and then evaluating on the validation sets.

3.2 DePoser: Depth-Aware Local Annotator

For many HMR applications, fine-tuning on user-side data is the most effective way of aligning with the
target user’s distribution. However, privacy constraints and the sensitive nature of human images make the
central aggregation of such images impossible. As a result, an accurate and local annotation pipeline is
central to the privacy-constrained training of HMR models.

Optimization-based HMR methods Bogo et al. (2016); Pavlakos et al. (2019a;b); Xu et al. (2019) are suitable
candidates for local annotation due to their robustness and accuracy. These methods often use 2D keypoints
to guide the optimization process of human mesh. However, relying solely on 2D keypoints introduces
monocular ambiguity, often leading to solutions that produce plausible 2D re-projections but suffer from
poor 3D accuracy. Inspired by SMPLify-X Pavlakos et al. (2019a) and DICE Wu et al. (2024), we devise a
depth-aware monocular local annotation pipeline named DePoser, where the mesh is supervised not only by
2D keypoints, but also affine-invariant depth information in the z-direction. First, we extract depth map and
2D keypoints from a large human foundational model, Sapiens Khirodkar et al. (2024). by taking advantage of
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a model pre-trained on vast in-the-wild human data, our model benefits from a strong human prior, enabling
more reliable downstream mesh prediction with 2.5D depth cues for in-the-wild user-side scenarios. Second,
our method does not require expensive hardware such as RGB-D sensors, LiDAR sensors, or synchronized
multi-view cameras, making it possible to deploy DePoser to ordinary consumer-grade devices with only
monocular cameras.

Specifically, given an RGB image, we first use Sapiens-pose Khirodkar et al. (2024) to extract 2D human
keypoints. Then, the corresponding pseudo-depth of each keypoint is extracted from a depth map obtained
using Sapiens-depth Khirodkar et al. (2024). Subsequently, we minimize the following objective function
with the L-BFGS optimizer Nocedal & Wright (2006):

E(ﬂ7 9) =FE;+ )\nggb + Ao Eo + )\gEg + AcEe + )\dEd, (1)

where Ej; is the 2D joints projection loss, Ep, is the pose prior Pavlakos et al. (2019a) loss, E, =
i (elbows knees) €XP (07) s the elbow/knee bending regularizer, E5 = ||8]|* is the shape regularizer, Ec
the interpenetration penalty, and E4 the SILog Eigen et al. (2014) loss:

1/2
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where d; = log z; — log Z; and Z;, z; are the predicted and pseudo-GT depth value of the i-th joint.

4 Evaluation

4.1 Experiments Setup

Datasets. Following previous works Zhang et al. (2019); Cho et al. (2022); Dou et al. (2023); Lin et al.
(2021b), we use the Human3.6M Ionescu et al. (2013), 3DPW von Marcard et al. (2018), UP-3D Lassner
et al. (2017), COCO Lin et al. (2014), MPII Andriluka et al. (2014), and MuCo-3DHP Mehta et al. (2017)
datasets to train our models. We evaluate our model using Human3.6M Ionescu et al. (2013), 3DPW von
Marcard et al. (2018) datasets.

In addition, we also curate a dataset from internet video footage and in-house VR usage. This dataset consists
of over 3000 image-mesh pairs with 4 different scenes and identities. We conduct local fine-tuning and testing
experiments on this dataset. For the internet-sourced subset, we use publicly accessible videos and retain
source metadata for reproducibility. For the in-house subset, participants consented to research use of the
recordings. Since the mesh labels are generated by DePoser rather than captured from an independent
multi-view or marker-based system, we report these experiments as pseudo-labeled personalization studies
and do not claim independent ground-truth coverage or demographic representativeness. Annotation quality
is controlled through the quantitative DePoser comparison on 3DPW in Sec. C and by excluding cases where
the local fitting pipeline fails to produce a valid body fit.

Evaluation Metrics. Following previous works Zhang et al. (2019); Cho et al. (2022); Dou et al. (2023);
Lin et al. (2021b), We use Mean Per Joint Position Error (MPJPE) Tonescu et al. (2013); Zhou et al. (2018)
and Procrustes Aligned Mean Per Joint Position Error (PA-MPJPE) Pavlakos et al. (2018a) to evaluate our
models’ accuracy. Mean Per Vertex Position Error (MPVPE) Pavlakos et al. (2018a) are also calculated
when ground-truth 3D mesh is available. All the error metrics are in millimeters (mm).

Simulation. Following previous works that adopted the federated learning paradigm Jithish et al. (2023);
Lubana et al. (2022); Madill et al. (2022); Gao et al. (2022); Jiang et al. (2023), we conduct our experiments
in a simulated environment using Flower Beutel et al. (2020) to avoid dealing with low-level implementations
such as communication and resource scheduling.

Reproducibility and Release Plan. All reported client partitions are generated with fixed random
seeds and fixed partition metadata. Upon publication, we will release the Flower-based benchmark harness,
evaluation scripts, hyperparameter files, deterministic client-splitting scripts, and the partition indices used



Under review as submission to TMLR

in our experiments. We will also release the DePoser implementation, including the metric-scale depth
alignment component. For data with redistribution restrictions, we will release the permitted annotations,
source metadata, split files, and scripts needed to reconstruct the benchmark when users have access to
the underlying images. We will not redistribute raw in-house frames unless the corresponding consent and
license terms allow it; for internet-sourced videos, we will release source URLs, timestamps, split files, and
a takedown/update policy rather than republishing media whose license is uncertain.

4.2 Privacy-Constrained Evaluations

We choose two representative SOTA HMR models Cho et al. (2022); Dou et al. (2023) for their robustness
and accuracy. Note that, due to the well-modularized nature of the HMR, community, other models can be
easily incorporated into our benchmark pipeline. For the chosen models, we performed extensive experiments
in a series of simulated settings that mimic scenarios encountered in real-world privacy-constrained training.
We group the experiments into categories and outline each category in the following sections.

#Clients (Total / Per Round) Model MPJPE PA-MPJPE ‘ Raw Data Local?

Centralized FM-S 57.98 40.62 ‘ X
10 / 10 FM-S 56.85 40.52 v
100 / 10 FM-S 59.31 41.48 v
1000 / 10 FM-S 60.82 44.53 v
Centralized TORE-S 63.88 41.99 ‘ X
10 / 10 TORE-S 61.27 41.60 v
100 / 10 TORE-S 62.92 43.11 v
1000 / 10 TORE-S 66.04 44.04 v

Table 1: Effect of Number of Clients. This table shows the HMR results (MPJPE and PA-MPJPE)
for the PCHMR baseline experiments (10/10), the Independent and Identically Distributed (IID) data 100
clients experiments (100/10) and IID data 1000 clients experiments (1000/10) with their best evaluation
results. All experiments select 10 clients per round uniformly at random. For comparison, we also add the
centralized baseline trained with the same model and the same dataset.

Optimizer FM-S Model TORE-S Model
MPJPE PA-MPJPE | MPJPE PA-MPJPE
ITD Distribution

FedAvg 59.31 41.48 62.92 43.11

FedOpt 58.49 41.43 62.82 42.34

FedProx 57.71 41.26 63.41 43.17
LDA «a = 0.5 Distribution

FedAvg 57.80 39.82 58.91 40.94

FedOpt 55.41 39.36 59.34 41.92

FedProx 56.46 39.58 61.57 41.10
LDA « =1 Distribution

FedAvg 59.63 39.80 62.39 41.76

FedOpt 58.10 40.10 59.57 42.10

FedProx 56.45 39.28 58.96 41.97
LDA « = 10 Distribution

FedAvg 56.09 39.84 60.96 42.25

FedOpt 58.25 40.47 58.83 41.29

FedProx 57.33 40.27 58.96 41.57

Table 2: Effect of Federated Optimizer Performance on HMR model with different federated optimizer
(FedAvg, FedOpt, FedProx) on IID data and LDA skewed data. The results are measured with 100 clients
experiments (100/10) with 10 clients sampled per round.
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4.2.1 Performance on Large Number of Clients

We evaluate the performance of HMR models when trained under a simulated Federated Learning environ-
ment with 10, 100, and 1000 participating devices, where 10 devices are randomly selected to participate at
each round. The environment has a client-server configuration, where each client trains the model for one
epoch and sends the model weights to a central server for aggregation using the FedAvg McMahan et al.
(2017) algorithm.

As shown in Tab. 1, both FastMETRO Cho et al. (2022) and TORE Dou et al. (2023) trained under the
FedAvg optimizer maintain competitive accuracy even in the most challenging setting of 1000 clients, with
roughly a 2-4 mm drop in MPJPE and PA-MPJPE. In the 10-client setting, the HMR models even exhibit
numerically higher accuracy than the centrally-trained counterparts. This underscores the robustness of the
benchmarked state-of-the-art HMR models under the complex federated setting, even in the most challenging
settings of 1000 clients. Qualitative results for HMR models trained with the 100-client configuration are
shown in Fig. 4.

While achieving a performance close to centrally-trained models, one caveat is that the HMR models train
much more slowly: they require many more rounds to converge, with the most complex 1000-client setting
requiring 6000 rounds. Please refer to Appendix. A for more details.

4.2.2 Performance on Skewed Data Distribution

In the real world, user data from user devices may vary in data distribution and sample size due to differ-
ences in identity, environment, and habits. Therefore, we manually skew the data distribution in various
configurations to simulate this phenomenon and benchmark the performance of HMR models to assess their
robustness under skewed data distribution. We investigate three types of heterogeneous data distributions:
Latent Dirichlet Allocation (LDA), Mixed Dataset, and Natural Partition Data. More details on
the experiment setup are in Appendix section B.

Latent Dirichlet Allocation. As shown in figure 3, the models under a high heterogeneous LDA setup
perform the best under the most skewed distribution, o = 0.1, with both MPJPE and PA-MPJPE error
lower than the centralized baseline for both configurations.

A plausible explanation is that local updates from highly non-uniform clients introduce an aggregation-
induced regularization effect akin to meta learning Nichol et al. (2018), but our current experiments do not
isolate this hypothesis from centralized-run variance or remaining training-budget differences. In addition,
across a wide range of «, the model performance is consistently competitive compared to the centralized
baseline. These results support the robustness of the benchmarked HMR models Cho et al. (2022); Dou
et al. (2023) under highly heterogeneous setups close to real-world scenarios.

Mixed Dataset. As shown in Tab. 3, the mixed dataset result demonstrates that the HMR model in-

corporating mixed-source training data performs similarly well under the majority dataset (Human3.6M),
sometimes even achieving a performance gain of 1-2mm. This suggests that HMR models trained on the

Experiment Metric vs. LDA Alpha
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Figure 3: Data Distribution Evaluation. Performance metrics for heterogenous data distribution settings with
different LDA «, evaluated with the Human3.6M Ionescu et al. (2013) dataset.
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Setting Model MPJPE PA-MPJPE ‘ Raw Data Local?
Centralized ~ FM-S 61.38 41.63 | X
PCHMR FM-S 58.28 4042 | v
Centralized TORE-S  63.89 4140 | X
PCHMR  TORE-S 6159 4194 | v

Table 3: Mixed Dataset Training Comparison between FastMETRO-S Cho et al. (2022) and TORE-S Dou
et al. (2023) trained under centralized or privacy-constrained settings on a mixed dataset composed of Human3.6M,
UP-3D, COCO, MPI-INF-3DHP, and MPII Ionescu et al. (2013); Lassner et al. (2017); Lin et al. (2014); Mehta et al.
(2017); Andriluka et al. (2014), evaluated on Human3.6M.

Setting Model MPJPE PA-MPJPE MPVPE ‘ Raw Data Local?
Centralized FM-S 84.92 54.69 97.60 ‘ X
PCHMR FM-S 84.66 54.78 97.42 v
PCHMR (Natural Part.) FM-S 86.83 55.61 99.66 4
Centralized TORE-S 87.97 55.35 101.88 ‘ X
PCHMR TORE-S 87.55 54.08 101.86 4
PCHMR (Natural Part.) TORE-S 88.00 55.07 102.50 4

Table 4: Performance of PCHMR on 3DPW This table shows the reconstruction accuracy when PCHMR is
fine-tuned on the 3DPW dataset. We further evaluate the model’s performance on the highly challenging natural
scene partition (Natural Part.), where each scene is assigned to a device. PCHMR reaches comparable performance
on 3DPW fine-tuning compared with the centralized setting. PCHMR is trained with 100 devices and 10 randomly
selected each round, while the natural partition is 20 devices with 5 randomly selected each round.

privacy-constrained federated training framework can achieve competitive performance on the overall data
distribution compared to the traditional centralized training framework.

Natural Partition Data. As shown in Tab. 4, under both partition schemes, FastMETRO and TORE
show similar performance with their centralized counterpart, with only 1 mm of accuracy difference. The
results show that privacy-constrained distributed fine-tuning of HMR models can achieve similar performance
compared to centralized fine-tuning, even under the challenging natural partition scheme.

Dataset Before/After Model MPVPE MPJPE PA-MPJPE

VR-runner  Before PCHMR FM-S 109.50 114.51 60.07
VR-runner After PCHMR FM-S 93.23 58.24 43.16
VR-game-1 Before PCHMR  FM-S 176.24 172.57 78.21
VR-game-1  After PCHMR FM-S 65.57 62.30 43.82
VR-game-2 Before PCHMR  FM-S 150.64 161.82 84.36
VR-game-2  After PCHMR FM-S 82.53 69.49 53.57
Oculus Before PCHMR  FM-S 103.92 102.22 61.62
Oculus After PCHMR FM-S 56.76 57.92 39.94

Table 5: Training accuracy before and after local data fine-tuning introduced in PCHMR. The metrics are calculated
on the locally annotated test data as described in Sec. C.

4.2.3 Comparison between Federated Optimizer

In the previous section, experiment results confirmed the robustness of FastMETRO Cho et al. (2022) and
TORE Dou et al. (2023) under different forms of data skewness. We now benchmark the HMR models on
three popular federated learning algorithms, namely FedAvg McMahan et al. (2017), FedOpt Asad et al.
(2020) and FedProx Li et al. (2020b). These two more sophisticated federated optimizers offer better adap-
tiveness and robustness than FedAvg.

As shown in Tab. 2, in most of the settings evaluated, the three optimizers provided similarly in terms of both
MPJPE and PA-MPJPE, with no clear trend of superiority and inferiority. This suggests the robustness of
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FastMETRO

Figure 4: Qualitative results of PCHMR on Human3.6M Ionescu et al. (2013) (a,b) and 3DPW Von Marcard et al.
(2018) (c,d), trained with 100 clients and 10 randomly sampled per round. The backbone is FastMETRO Cho et al.
(2022) (a,c) and TORE Dou et al. (2023) (b,d).

HMR models coupled with the simplest FedAvg McMahan et al. (2017) under a highly skewed data setting
(LDA «a =0.5).

4.2.4 Personalized Finetuning

Although HMR models could maintain competitive performance under challenging real-world multi-device
collaborative training settings, further personalized fine-tuning is often desired to tailor the model to a
specific user’s data distribution. Therefore, we benchmark further fine-tuning a collaboratively pre-trained
FastMETRO Cho et al. (2022) model on additional in-the-wild datasets that reflect real-world use-cases, such
as VR gaming and sports. We use our local data annotator, DePoser, to annotate pseudo-ground-truths for
the collected dataset. For local fine-tuning, we divide each scene of our dataset into an 80/20 random split
and fine-tune the pre-trained model for two epochs on this dataset.

As shown in Fig. 5, our personalized fine-tuned model reconstructs human meshes that more accurately
resemble the human pose and shape after fine-tuning on the Pseudo GT. Quantitatively, as shown in Tab. 5,
significant improvements up to 100 mm in MPVPE are observed after local fine-tuning, with the most
improvement observed in VR-game-1, a challenging home VR gaming setting. Because the evaluation labels
in this table are generated by DePoser, these numbers measure consistency with the local pseudo-label
distribution rather than accuracy against independent ground truth. In addition, we perform the personalized
fine-tuning using the 3SDPW dataset, which exhibits similar performance improvement. Details are shown
in Appendix. I. This demonstrates the strong prior of an HMR model pre-trained on a large amount of data
could achieve effective personalization with only two epochs of fine-tuning, significantly improving end-user
performance through model personalization.

4.3 Local Annotation Pipeline

We now compare DePoser vs. SMPLify-X Pavlakos et al. (2019a) to demonstrate the effect of the incor-
poration of the Sapiens Khirodkar et al. (2024) pose and depth priors. This comparison evaluates the full
DePoser pipeline; it does not disentangle how much of the gain comes from replacing the keypoint source,
adding the depth term, or using metric-scale depth alignment. The accuracy of the local annotation pipeline

11
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Model | MPVPE MPJPE PA-MPJPE
SMPLify-X Pavlakos et al. (2019a) 198.66 181.07 87.17
DePoser (Ours) 162.60 151.19 71.14

Table 6: Comparison between DePoser and SMPLify-X Pavlakos et al. (2019a) on sub-sampled
3DPW Von Marcard et al. (2018) dataset. DePoser demonstrates improved reconstruction accuracy compared to
SMPLify-X under the combined Sapiens pose and depth prior.

Before After

Input Image PE-HMR PE-HMR Pseudo GT
o
- ﬂ
Front View
(Overlay)
Side View
(Overlay)
Figure 5: Qualitative comparison of

FastMETRO Cho et al. (2022) be-

fore and after PCHMR fine-tuning on  Figure 6: Comparison between our DePoser (green) vs. SMPLify-X
a locally-annotated dataset, pseudo- (red) Pavlakos et al. (2019a). DePoser exhibits more accurate foot placing
ground truth (GT) generated by De- and hand positioning under the combined Sapiens pose and depth prior;
Poser. component attribution requires future ablation.

is critical in enabling HMR models to perform privacy-constrained training. More details are available at
Appendix section C.

Quantitative Analysis. We compare the human reconstruction accuracy of our DePoser and SMPLify-
X Pavlakos et al. (2019a) on a 300-image randomly sub-sampled set of the in-the-wild dataset 3DPW von
Marcard et al. (2018), which resembles complex user-side conditions. As shown in Tab. 6, DePoser demon-
strates improved accuracy compared to SMPLify-X, with more than 30 mm accuracy improvement in
MPVPE and 15 mm improvement in PA-MPJPE, supporting the effectiveness of the combined local an-
notation pipeline under complex conditions.

Qualitative Analysis. As shown in Fig. 6, although the front-view results of DePoser and SMPLify-
X Pavlakos et al. (2019a) are similar, the additional depth supervision in DePoser regresses more accurate
foot and arm positionings in the z-axis (depth) compared to SMPLify-X, which is evident in the side view.
This visual evidence is consistent with the quantitative improvement, while the exact contribution of depth
relative to the updated pose prior requires future component-level ablation.

5 Limitations and Future Works

HMR-aware Aggregation Strategy. Motivated by the data distribution challenges, our LDA results
suggest that aggregation under heterogeneous client distributions may sometimes behave like a regularizer
for HMR. This remains a hypothesis rather than a demonstrated mechanism, and future work should use

12
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matched-budget controlled studies to separate aggregation effects from optimization variance and schedule
differences.

Device-specific and Personalized Learning. In real-world human mesh recovery, each device would
introduce unique data perturbation into the client data distribution, such as smearing, tearing, and fuzziness.
However, there is no existing solution for simulating this issue. Having a personalized model adapted to device
perturbations would be a promising direction for future work.

Privacy Evaluation Scope. Our experiments focus on HMR utility when raw images remain local and
on the runtime cost of a secure-aggregation variant. We do not perform membership-inference, gradient-
inversion, or model-inversion attacks, and therefore do not claim that the released global models are private
against such attacks. Attack-based privacy evaluation and stronger formal guarantees are important future
work.

Local Annotation Bias. DePoser produces SMPL-parametric pseudo-annotations, which are then used to
supervise non-parametric HMR regressors. The personalized fine-tuning gains should therefore be interpreted
as improved alignment to DePoser’s pseudo-label distribution, not as independent ground-truth validation.
The current DePoser comparison also evaluates the combined Sapiens-pose, Sapiens-depth, and metric-
alignment pipeline rather than isolating each component.

6 Conclusion

In this work, we introduced PCHMR, a benchmark for evaluating human mesh recovery (HMR) models
under privacy-constrained, raw-data-local training settings. Through extensive experiments across various
complex and realistic scenarios, we show that state-of-the-art HMR models can be collaboratively trained
with a large number of clients and heterogeneous data while incurring only minimal accuracy loss. At
the same time, our study reveals remaining challenges, including slower convergence and degraded perfor-
mance when generalizing to out-of-distribution data, highlighting important gaps between centralized and
privacy-constrained training regimes. To address the data availability bottleneck in privacy-constrained
HMR, we proposed DePoser, a local data annotation pipeline that conditions not only on 2D keypoints but
also on pseudo-depth information. Comparisons against SMPLify-X demonstrate that DePoser improves
pseudo-annotation quality under the combined Sapiens pose and depth priors. Using DePoser, we curated
and annotated an in-the-wild dataset of VR use-cases, and showed that privacy-constrained fine-tuning on
this dataset yields substantial gains for HMR model personalization on end-user devices when evaluated
against the same pseudo-label source. We hope that our benchmark, analysis, and the DePoser pipeline
will serve as a foundation for future research on privacy-constrained human mesh recovery, including more
robust collaborative training algorithms, stronger privacy guarantees, and better on-device personalization
strategies.
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This supplementary material covers: More Experiment Details (section A); More Details on Skewed Data
Distribution (section B); Local Data Annotation (section C); More Implementation Details (section D);
Discussion on MPC and DP (section E); Discussion on Single-Device Training (section F); Discussion on
Multiple Local Epoches (section G); Discussion on Performance of 3DPW Fine-tuning (section I); Discussion
on Data Distribution (section H); Additional Experiments for On-Device Performance (section J).

A Experiment Hyperparameters

In Tab. 7 we present the hyperparameters for the experiments in Sec. 4 of the main paper.

Setting Model Clients Learning Rate Epochs
Centralized Baseline FM-S - 0.001 60
Human3.6M naive on-device training FM-S - 0.001 60
3DPW Centralized Fine-tuning FM-S - 0.0001 20
PCHMR + IID Data 10 / 10 FM-S 10 / 10 0.001 200
PCHMR + IID Data 100 / 10 FM-S 100 / 10 0.001 2000
PCHMR + IID Data 1000 / 10 FM-S 1000 / 10 0.001 6000
PCHMR + LDA Distribution FM-S 100 / 10 0.001 2000
PCHMR + CNN Cluster FM-S 100 / 10 0.001 2000
PCHMR + 3DPW Finetuning FM-S 100 / 10 0.0001 600
PCHMR + 3DPW Natural Part. FM-S 20/ 5 0.0001 200
Centralized Baseline TORE-S - 0.001 60
Human3.6M naive on-device training TORE-S - 0.001 60
3DPW Centralized Fine-tuning TORE-S - 0.0001 20
PCHMR + IID Data 10 / 10 TORE-S 10 / 10 0.0005 200
PCHMR + IID Data 100 / 10 TORE-S 100/ 10 0.0005 2000
PCHMR + IID Data 1000 / 10 TORE-S 1000 / 10 0.001 6000
PCHMR + LDA Distribution TORE-S 100/ 10 0.0005 2000
PCHMR + CNN Cluster TORE-S 100/ 10 0.0005 2000
PCHMR + 3DPW Finetuning TORE-S 100/ 10 0.0001 600
PCHMR + 3DPW Natural Part. TORE-S 20/ 5 0.0001 200

Table 7: The hyperparameters used by all PCHMR experiments. The two numbers in the Clients column denote
the total number of clients and the number of clients randomly selected in each round.

B Skewed Data Distribution

We present the details of experiment setup for the three skewed data distributions discussed in section 4.2.2:
Latent Dirichlet Allocation (LDA), Mixed Dataset, and Natural Partition Data.

Latent Dirichlet Allocation. To test HMR model’s performance under a heterogeneous data setting
without any prior partition information available, we follow Tang et al. (2021); Hsu et al. (2019b); Grativol
et al. (2023) to use Latent Dirichlet Allocation (LDA) Blei et al. (2003) for generating skewed training
datasets to approximate real-world data distributions. The LDA partition scheme uses the a parameter to
control the skewness of the generated partition with the label. A smaller a corresponds to a more skewed
distribution, while a larger « indicates that the distribution is close to IID (independent and identically
distributed). More detail for LDA is discussed in Appendix. H.1. For LDA, we investigate FastMETRO and
TORE’s performance with 100 clients and 10 clients per round, trained with datasets of varying skewness
controlled by LDA.

Mixed Dataset. In addition to simulated label skewness, we also implemented a mixed dataset which blends
the training datasets Ionescu et al. (2013); Lassner et al. (2017); Lin et al. (2014); Andriluka et al. (2014);
Mehta et al. (2017). We allocate each client to a source dataset according to the dataset size ratio, which
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Methods Model Round Time Convergence

FL TORE 139.8s Converge
MPC TORE 265.5s Converge
DP TORE 139.8s Non-Converge

Table 8: Comparison of different privacy-preserving machine learning paradigms. The experiment uses the 10/10
TORE setting on an IID Human3.6M partition and reports average per-round runtime.

creates a heterogeneous training corpus across clients. The experiment is performed under the 100-client
setting with 10 clients fitted per round.

Natural Partition Data. We also present a study on 3DPW Von Marcard et al. (2018), an in-the-
wild human mesh dataset collected on various indoor and outdoor scenes, which provides a natural way
to partition the dataset by scenes, resulting in a highly heterogeneous per-client data distribution. Under
this data partitioning, we explore the performance of the HMR model trained using a privacy-constrained
method. Further information of the 3DPW natural partition is available in Appendix. H.3. As a baseline,
we first fine-tune pre-trained HMR models on the 3DPW dataset under the federated framework using 11D
partitioning scheme. Then, to explore the effect of this challenging partitioning scheme, we compare the
IID-trained model to a model trained under the same dataset with natural partitioning. Qualitative results
of the IID-finetuned model are shown in Fig.4.

C Local Data Annotation

Local data annotation, as described in Sec. 3.1 of the main paper, plays a critical role in improving the perfor-
mance of PCHMR with client-side user data. Although there are many existing annotation approaches Bogo
et al. (2016); Pavlakos et al. (2019a); Zioulis & O’Brien (2023); Lin et al. (2024), we choose a popular
method SMPLify-X Pavlakos et al. (2019a) to serve as the backbone local data annotation. SMPLify-X is
an optimization-based human mesh regressor, where a high-quality SMPL Loper et al. (2023) mesh of 6890
vertices can be obtained as the pseudo-ground-truth mesh. The input 2D keypoints and depth supervision
information for DePoser optimization are obtained through Sapiens Khirodkar et al. (2024).

The model is pre-trained using the PCHMR framework for 2000 epochs with 100 clients and 10 clients per
round under IID partition. We then fine-tune the model with the locally annotated data using a learning
rate of 1 x 10~* for 100 epochs, with other training settings such as optimizers consistent with the centralized
baseline.

Remark. Notably, we currently employ an optimization-based approach to obtain pseudo-ground truth
from monocular images. However, end devices possessing multi-view cameras could benefit from the addi-
tional 3D spatial information extracted by multiple cameras or depth sensors, thereby enhancing the local
data annotation process using actual depth information with higher accuracy.

D Implementation Details

In our experiments, we develop and evaluate our model based on two backbones including Fast METRO Cho
et al. (2022) and TORE Dou et al. (2023) using the Transformer encoder-decoder architecture. The details
of this architecture are shown in Fig. 7. Please refer to the original papers for further details.

E Discussion on MPC and DP

We present a simple ablation setting comparing the MPC and DP regarding HMR model. For simplicity,
we select the simplest 10/10 setting, i.e. partitioned data with 10 client, each time sampled 10 clients) with
the TORE model using an IID partitioned Human3.6M training set. For MPC, we choose to use secure
aggregation, which implements MPC at the aggregation stage and hides individual client updates from an
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Figure 7: Details of the Transformer encoder-decoder architecture used in FastMETRO Cho et al. (2022) and TORE
Dou et al. (2023).

honest-but-curious server before aggregation. This acts as a baseline setting to demonstrate the computation
and communication overhead of the MPC protocol.

For DP, we choose to account with Renyi Differential Privacy Mironov (2017). We implement this with
fixed clipping noise injection techniques. With the size of the Human3.6M dataset, we set § = 1 x 1076
and calculate the respective € privacy budget together with the noise multiplier set. Following suggestion on
setting L2 Norm Bu et al. (2023), we set the L2 Norm to a small value, starting with 1 x 1076.

The results are presented in Tab 8. As demonstrated by the average round time, which is almost double
that of FL, the MPC approach shows significant communication and computation overhead. However,
the evaluation metric (MPJPE, PA-MPJPE) still shows similar performance with MPC, suggesting that
MPC may be feasible to implement in HMR, real-world settings with future improvement in hardware and
communication. Even worse, although we attempted an extensive search on hyperparameter, we could not
get our large HMR model to converge even with a small noise scale multiplier (n = 1), resulting in large
€ = 199.7 that offers a relatively small example-level DP guarantee. Due to the size of the SOTA model such
as TORE, the curse of dimensionality Liu et al. (2024) makes the convergence hard, and how to pre-train a
large-scale model with DP efficiently remains an open question for future research.

F Discussion on Single-Device Training

We investigate the performance of naive on-device training compared with privacy-constrained collaborative
training under PCHMR. We simulate single-device training with a small portion of the training dataset,
and compare the accuracy with models trained with full data under centralized and privacy-constrained
frameworks.

In Tab. 9, we pre-train the model using 5, 10, 20% of the Human3.6M, which resulted in a large performance
gap for both FastMETRO and TORE implementations. Specifically, the centralized training configuration
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Settings Model MPJPE PA-MPJPE ‘ Raw Data Local?
Centralized Baseline FM-S 56.85 40.52 \ X
Naive 5% Data Training FM-S 83.78 63.65 -
Naive 10% Data Training FM-S 73.04 53.36 -
Naive 20% Data Training FM-S 65.10 47.01 -
PCHMR 100% Data Training FM-S 59.31 41.48 ‘ v
Centralized Baseline TORE-S 63.88 41.99 ‘ X
Naive 5% Data Training TORE-S 101.59 82.82 -
Naive 10% Data Training TORE-S 84.82 63.52 -
Naive 20% Data Training TORE-S 77.87 52.37 -
PCHMR 100% Data Training TORE-S 62.92 43.11 ‘ v

Table 9: Comparison with Naive Single Device Training This table presents the performance metrics (MPJPE,
PAMPJPE) for training using various sizes (5, 10, 20%) of the Human3.6M dataset to assess the on-device training
scenario using only local data. Compared with naive local training which suffers from poor performance due to data
scarcity, our PCHMR could mitigate both issues due to the inter-device parameter sharing, achieving much higher
performance while keeping raw data local. The PCHMR in this table is trained in a distributed setting with 100
devices and 10 devices selected at random each time.

has about 20mm higher PA-MPJPE and MPJPE in the FastMETRO configuration. In contrast, in the
TORE configuration, the gap is over 30mm higher PA-MPJPE and MPJPE. Compared to the naive single-
device training setting, experiment results have confirmed the superiority of larger corpus of training data
with full Human3.6M dataset.

G Discussion on Multiple Local Epochs

# Local Rounds Model MPJPE PA-MPJPE | Raw Data Local?

1 FM-S 59.31 41.48 4
2 FM-S 59.28 42.42 4
3 FM-S 60.49 42.43 4
5 FM-S 59.52 42.07 4
10 FM-S 60.03 42.96 4
1 TORE-S 62.92 43.11 v
2 TORE-S 61.84 43.27 4
3 TORE-S 63.53 42.74 4
) TORE-S 63.41 43.18 4
10 TORE-S 63.88 43.39 v

Table 10: Effect of Multi Local Epochs Ablations on training HMR model with multiple local epochs in federated
setting.

We also conduct ablation for model performance with multiple local epoches. The experiment is presented
with 100/10 IID setting for H36M dataset, i.e. partitioned data with 100 client and sampled 10 at each
round.

As shown in Tab 10, we found that, with more local epochs, the local model tends to overfit and result in
less generalization capabilities and worse performance.

H Discussion on Data Distribution

Heterogeneous data distributions are common in real-world privacy-constrained model training since each
user’s local data distribution may be different due to user identity, environment, and user habits. Therefore,
it is vital that we evaluate the model’s performance under a heterogeneous data setting. In our experiments,
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we measured the performance for heterogeneous data distribution of PCHMR. Here, we provide an additional
discussion for each of the data distributions we discussed in the previous experiment section.

H.1 LDA Data Partition

One of the most utilized methodologies in FL to generate non-IID data is Latent Dirichlet Allocation
(LDA) Hsu et al. (2019a). Specifically, LDA works by drawing the distribution g over N category class
of labels from a Dirichlet distribution, i.e. g ~ Dir(ap) where « is the concentration parameter controlling
the skewness of the distribution and p is the vector characterizing prior distribution over N classes. This
creates skewed datasets with approximation to real-world non-IID distribution.

However, in our case, the label category for the training set is hard to determine. In particular, each
human mesh is, in fact, a unique label by definition, i.e. they all represent unique annotations of their
character. Hence, two alternative methods for considering pseudo-labeling are labeling by subjects and scenes
or labeling by the dataset composition. As many datasets only have one scene per object (in particular,
pseudo-3D labeled datasets), labeling by scene and subjects seems infeasible. Therefore, we opted to label it
with dataset composition instead and consider the category class as the sub-dataset from which the image
originated.

On an IID dataset, applying LDA with higher « resulted in a similar distribution as uniform sampling,
whereas applying LDA with lower « resulted in a much skewer non-IID distribution. Since our dataset is
non-IID by dataset composition from the start, applying LDA partitioning on the data only increases the
skewness of the data.

In our training dataset, as illustrated in Fig 8, applying LDA with low « creates a different distribution
that is much more skewer, whereas applying LDA with high « retains the distribution that is similar to the
original dataset composition.

In addition, as shown in Fig 9, LDA also creates the client dataset size distribution following the Dirichlet
distribution, i.e. lower « creates a much skewer long-tail distribution in the number of samples assigned
to each client. Essentially, LDA creates a more ‘natural’ distribution with individual client size variation,
matching the real-world situation.

H.2 CNN Activation Clustering

Another approach for doing pseudo-partition is considering natural clustering from the features. We used
the same CNN feature extractor (ResNet-50 He et al. (2015)) from the PCHMR model to extract the feature
from the last layer activation. The feature x,,+ extracted from the previous layer activation is then clustered
to 100 pseudo partitions using MiniBatchedKMeans Sculley (2010). An example of the effects of clustering
is illustrated in Fig. 10.

Upon inspection, we find that the feature extractor clusters also mimic the natural dataset composition
relationship of the underlying dataset: the large groups of the clusters from the left consist mostly of the
Human3.6M dataset, whereas the large cluster on the right consists of the pseudo-3D labeled dataset within
the training dataset mixture. This demonstrate the effectiveness of this approach to generate a different
data distribution for the given dataset.

Under this setting, as shown in Tab. 11, our TORE Dou et al. (2023) model achieves the same level of
accuracy compared to the centralized model, with a lower MPJPE error and slightly higher (40.26mm)
PA-MPJPE error. The FastMETRO Cho et al. (2022) variant also performs on par with the centralized
model, achieving a lower MPJPE and slightly higher PA-MPJPE (+0.31mm).

H.3 Natural Partitioned In-the-wild Dataset
In addition, the centralized HMR model is usually trained on synthetic and in-door datasets due to the ease of

gathering, not on the sparsely collected data from in-the-wild applications. These data usually exhibit a much
different data distribution. We aim to further evaluate PCHMR under this real-world dataset with naturally
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Figure 8: Data Distribution of Applying LDA. This diagram illustrates the distribution of labels from each
dataset using LDA with 5 clients under (a) a = 0.5 and (b) a = 1000. Note that the high o LDA retained a similar
label distribution as the original category distribution, whereas the lower alpha introduced a much different category
distribution.

partitioned heterogeneous distribution labels. We utilize 3DPW von Marcard et al. (2018) as an example
of such real-world collected in-the-wild data that presents much more challenging settings and is naturally
partitioned with scene labels, which is demonstrated in Fig. 11. This makes them a good representation of
the natural heterogeneous distribution that PCHMR deployment is likely to face in real-world applications.

H.4 Hetergenous Distribution Results

We then presents the complete results of heterogenous experiment at Tab 11 for reference.

I Performance of 3DPW Fine-tuning

One potential use-case of the PCHMR framework is performing privacy-constrained on-device fine-tuning to
align the model with real-world data. We demonstrate this by pre-training our model with a series of datasets
Tonescu et al. (2013); Lassner et al. (2017); Lin et al. (2014); Andriluka et al. (2014); Mehta et al. (2018) and
using PCHMR to fine-tune on 3DPW Von Marcard et al. (2018) with 100 clients and 10 clients randomly
sampled per round. As shown in Tab. 12, both fine-tuned options achieve significant performance gains
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Figure 9: LDA Partitioned Dataset Size for Individual Client. This figure illustrates the size of the dataset
assigned to each client, sorted with the size of data for (a) 100 partition and (b) 1000 partition, using LDA. Note

that the lower « creates a much skewer long tail distribution following the Dirichlet distribution that it is sampled
from.
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Figure 10: CNN Partitioned Data Visualisation. This diagram shows the selected datasets partitioned into
10 clients with KMeans and illustrated using the T-SNE van der Maaten & Hinton (2008). Each partition is sampled
with 100 data points for ease of computation. The data points with the same color came from the same cluster.
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Figure 11: 3DPW Dataset Distribution. This diagram shows the natural distribution of different scenes in the
3DPW Von Marcard et al. (2018) dataset. Note that this is only the train set of the 3DPW dataset following the
established data train-val partition.

compared to the non-fine-tuned model, verifying the necessity of fine-tuning. Fig. 12 also gives qualitative
evidence for the on-device fine-tuning, where the reconstructed mesh accuracy visibly improves. Compared
to centralized fine-tuning, the privacy-constrained fine-tuning results are comparable and in some metrics
numerically slightly lower, but the differences are small. In summary, the on-device fine-tuning scheme keeps
raw data local while offering competitive human reconstruction accuracy.

J On-Device Performance

We further assess the feasibility of the pipeline by measuring the performance of our PCHMR on a real edge
device. We selected one of the representative embedded devices, Nvidia AGX Orin NVIDIA Corporation
(2021), to run 5 rounds as one client in the 100- and 1000-client settings, following the experiment setting as
outlined in the previous sections. The AGX Orin measurement provides a proxy for the runtime scale of edge
deployment, but it is not a replacement for a full real-world multi-client deployment. With better capabilities
hardware introduced on applications such as VR and AR, we expect the runtime profile to improve on newer
hardware in the coming years.

The runtime and throughput results are shown in Tab 13. In the 1000 partition configuration, the edge
device would need to train for 85 hours under the 50W power configuration. Nonetheless, the communication

29



Under review as submission to TMLR

Settings Model MPJPE PA-MPJPE ‘ Raw Data Local?
Centralized FM-S 56.85 40.52 \ X
a=0.1 FM-S 51.11 37.24 v
a=05 FM-S 55.80 39.16 v
a=1 FM-S 59.63 39.80 v
a =10 FM-S 59.97 40.84 v
a = 100 FM-S 57.53 40.69 v
a = 1000 FM-S 59.80 41.80 v
CNN Cluster FM-S 56.84 40.83 v
Centralized ~ TORE-S  63.88 41.99 \ X
a=0.1 TORE-S 57.02 39.10 v
a=05 TORE-S 58.91 40.94 v
a=1 TORE-S 62.39 41.76 v
a=10 TORE-S 60.96 42.25 v/
a = 100 TORE-S 63.08 42.59 v/
a = 1000 TORE-S 63.74 42.50 v/
CNN Cluster TORE-S 63.14 42.25 v

Table 11: Data Distribution Evaluation. This table shows the performance metrics (MPJPE, PAMPJPE) for
different data distribution settings (with different LDA a and CNN Clustering label), evaluated with the Human3.6M
Ionescu et al. (2013) dataset. The PCHMR'’s reconstruction accuracies are competitive and, in some simulated skewed
partitions, lower-error than the centralized baseline; the mechanism behind these gains is not isolated here, supporting
the robustness of our PCHMR approach under non-I1ID data distributions. All models (except centralized) in this
table are trained in a distributed setting with 100 devices, with 10 devices selected at random each round.

Setting Model MPJPE PA-MPJPE MPVPE | Raw Data Local?
No Finetune FM-S 116.35 70.20 132.96 X
Centralized Finetune FM-S 84.92 54.69 97.6 X
PF Finetune FM-S 84.66 54.78 97.42 | v
No Finetune TORE-S 119.64 68.35 138.93 X
Centralized Finetune TORE-S 87.97 55.35 101.88 X
PF Finetune TORE-S 87.55 54.08 101.86 | v

Table 12: Privacy-Constrained Fine-Tuning Table. Results of privacy-constrained fine-tuning of models Dou
et al. (2023); Cho et al. (2022) pre-trained on Ionescu et al. (2013); Lassner et al. (2017); Lin et al. (2014); Andriluka
et al. (2014); Mehta et al. (2018) using PCHMR on the 3DPW dataset Von Marcard et al. (2018), compared with
centralized fine-tuning with the same datasets and the model without fine-tuning. The privacy-constrained fine-
tuning is conducted with 100 clients and 10 randomly sampled per round.

cost compared with both figures is relatively insignificant (42 seconds per round), assuming a 37.4 Mb/s
broadband upload speed which follows the median uplink speed in the US by Ookla (2024) between June to
Aug 2024. This shows that our PCHMR framework is within the runtime range of practical cross-device FL
systems, given that normally the round completion times for practical FL can reach hundreds of hours Huba
et al. (2022); Bonawitz et al. (2019).

30



Under review as submission to TMLR

Input Image No Finetuning With Finetuning

Figure 12: Qualitative results of Cho et al. (2022) before and after privacy-constrained fine-tuning on the 3DPW
Von Marcard et al. (2018) dataset using the PCHMR framework.

. 100 Partition 1000 Partition
Model Device
Throughput Time Throughput Time
FM-S Jetson AGX - 15W 2.46 1629.33 2.42 165.33
FM-S Jetson AGX - 50W 8.01 499.67 7.81 51.23
FM-S RTX A6000 Ada 56.59 70.7 48.0 8.33
TORE-S Jetson AGX - 15W 3.43 1166.06 3.35 119.29
TORE-S  Jetson AGX - 50W 8.65 461.5 8.42 47.49
TORE-S  RTX A6000 Ada 50.87 78.67 44.40 9.02

Table 13: On Device Performance Table. This table shows the image throughput and total time used for
training with 100 (4000 images) and 1000 (400 images) partitions of client data on different power profiles for Nvidia
AGX Orion. We also compare the image throughput and total time with a desktop-level graphics card (RTX A6000
Ada). The unit for Throughput is images per second (img/s), and the unit for Time is seconds (s).
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