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Abstract

Despite considerable efforts to enhance the generalization
of 3D pose estimators without costly 3D annotations, exist-
ing data augmentation methods struggle in real-world sce-
narios with diverse human appearances and complex poses.
We propose PoseSyn, a novel data synthesis framework that
transforms abundant in-the-wild 2D pose dataset into di-
verse 3D pose—image pairs. PoseSyn comprises two key
components: Error Extraction Module (EEM), which iden-
tifies challenging poses from the 2D pose datasets, and Mo-
tion Synthesis Module (MSM), which synthesizes motion se-
quences around the challenging poses. Then, by generating
realistic 3D training data via a human animation model—
aligned with challenging poses and appearances—PoseSyn
boosts the accuracy of various 3D pose estimators by up to
14% across real-world benchmarks including various back-
grounds and occlusions, challenging poses, and multi-view
scenarios. Extensive experiments further confirm that Pos-
eSyn is a scalable and effective approach for improving gen-
eralization without relying on expensive 3D annotations, re-
gardless of the pose estimator’s model size or design.

1. Introduction

Estimating 3D human pose [2, 5, 8, 12, 15, 27, 29, 32,
33, 50, 51, 60, 60] from RGB images has been exten-
sively researched due to its applications like action recogni-
tion, virtual reality, and sports analytics. Traditional meth-
ods rely heavily on large-scale datasets with accurate 3D
pose ground truth (GT), but acquiring such 3D annotations
often demands multi-camera systems [4, 20, 38] or motion
capture setups [28, 54], which are costly and limited to con-
trolled indoor spaces [26]. Consequently, existing 3D pose
datasets are mainly biased toward laboratory settings, which
hinder them from covering in-the-wild challenging poses
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Figure 1. PoseSyn’s Approach for Corner-Case Pose Gener-
ation. PoseSyn addresses challenging pose cases without direct
costly 3D annotations. Starting from a pseudo-labeled pose (blue
circle) that is inaccurate compared to the unknown true 3D pose
(red star), PoseSyn generates diverse motion sequences (green
dotted lines) around the pseudo-labeled pose to produce new im-
age—pose pairs (numbered 1-4). PoseSyn effectively bridges the
gap between the inaccurate pseudo-label and the desired challeng-
ing pose, expanding the training distribution with hard examples.

and reflecting real-world visual elements such as appear-
ance, background, and lighting. The reliance on indoor data
also introduces a domain gap, limiting model robustness in
outdoor or uncontrolled environments, thus hindering gen-
eralization to real-world scenarios.

To address this gap, prior work has explored data aug-
mentation techniques. Transformation-based methods [13,
16], often powered by Generative Adversarial Networks
(GANS) [17], generate new skeletal poses via geometric



transformations. Yet these methods are restricted to mod-
ifying keypoints without image-level context. In contrast,
synthetic approaches like PoseGen [ 14] leverage Neural Ra-
diance Fields (NeRF) [39, 53] to render novel views, but
they often fail to capture the real-world human appearances
and backgrounds—limiting their impact on generalization.
Abundant in-the-wild 2D pose datasets offer a cost-effective
alternative, but lack corresponding 3D annotations.

We propose PoseSyn, a novel framework that synthe-
sizes diverse 3D pose-image pair data from in-the-wild 2D
pose-image pair data to improve the generalization of 3D
pose estimators, targeting hard, underrepresented samples.
The key insight is that generating plausible variant data that
approximates a challenging pose, then retraining the Target
Pose Estimator (TPE) with these variants, improves gener-
alization in real-world scenarios. Leveraging abundant 2D
pose annotations as seeds, PoseSyn generates diverse 3D
training samples tailored to each TPE’s challenging cases.
Our Error Extraction Module (EEM) identifies challenging
images where TPE underperforms, guided by 2D ground
truth. However, GT 3D pose of the challenging image is not
available for direct annotation, while the pseudo-labeled 3D
pose is often inaccurate. Naively relying on this inaccurate
pose or high-level text description extracted from the chal-
lenging image, which are approximations of the hidden GT
3D poses, fails to capture full complexity of pose configu-
rations, making it difficult to generate variant data for such
challenging cases. To mitigate this, our Motion Synthesis
Module (MSM) integrates both text descriptions and the in-
accurate pose to synthesize motion sequences near the hid-
den GT pose. By representing poses as continuous motion
rather than isolated frames, MSM reduces ambiguity and
produces a range of plausible pose variations that better ap-
proximate the desired 3D GT, as shown in Fig. 1. Finally,
these generated poses, closely aligned with challenging im-
ages, are synthesized into realistic images via a human ani-
mation model [64], ensuring well-aligned 3D training data.

Moreover, TPEs can vary in parameter size to meet dif-
ferent hardware constraints and accuracy needs in prac-
tical applications. Through experiments across diverse
datasets [4, 21, 24-26, 28, 54] and multiple TPE architec-
tures [8, 15, 32], we demonstrate that PoseSyn is a scal-
able and effective solution for enhancing 3D pose estima-
tion without relying on costly 3D annotations.

In summary, our contributions include:

We propose PoseSyn, a novel framework that generates
diverse 3D pose data from in-the-wild 2D pose datasets
to address real-world corner cases.

We propose Motion Synthesis Module (MSM), which
synthesizes motion sequences by leveraging both textual
descriptions and initial pose information, extending the
coverage of challenging poses.

We show consistent improvements in generalization
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across various datasets and multiple TPE architectures.

2. Related Works

2.1. Data Augmentation for Pose Estimation

Numerous data augmentation techniques have been de-
veloped to enhance the generalization performance of 2D
and 3D human pose estimation. Image-level augmentations
(e.g., rotation and transformation) diversify training data
to some extent [7, 42, 55, 58], yet they do not drastically
change the original image. Other approaches utilize hu-
man parsing, where body parts are segmented and synthe-
sized into real images [3, 23], but struggle with ambigui-
ties like differentiating front and back views. Pose-guided
or appearance-modifying image generation [6, 11, 45, 49]
synthesize images from motion capture or transform human
appearance; however, the generated data deviate from real-
world distribution as they are not derived from real images.
Other approaches rotate or scale 3D poses and project
them into 2D [13, 16, 31], though mainly limited to 2D-
to-3D lifting tasks. For instance, PoseAug [16] and Adapt-
Pose [13] utilize GAN to produce 3D poses via transfor-
mations and bone-level augmentations. More recent work,
PoseGen [14], generates diverse poses via GAN and renders
images [53]. However, challenges still remain, as it lacks
background and is constrained to predefined human models.
Despite these efforts, the need for augmentation methods
that better align with real-world distributions and improve
generalization across varied scenarios is evident.

2.2. Generative Model-based Data Synthesis

Generative models have recently advanced recognition
tasks such as image classification [19, 43, 47], object de-
tection [10, 30, 57], and segmentation [9, 22, 30, 36, 41, 57,
61]. The core idea is to harness pre-trained generative mod-
els [46, 52, 63]-which encode rich knowledge from large-
scale data [48]-to generate additional training data. For ex-
ample, DiverGen [9] and FreeMask [61] leverage off-the-
shelf text-to-image diffusion models [46, 52, 59] to syn-
thesize diverse training examples with minimal guidance,
effectively boosting accuracy on underrepresented classes.
Some approaches use auxiliary modules [10, 41, 57] or
light fine-tuning [22, 44] for task-specific data generation.
A common strategy is to concentrate on corner-cases where
standard training data falls short, which is straightforward in
object detection and segmentation since these cases can be
defined by discrete classes. For example, if “giraffes” yield
low accuracy, one can prompt a generative model for more
giraffe images, directly enlarging that corner-case category.

In human pose estimation, however, identifying and syn-
thesizing corner cases is considerably more complex. First,
the output is a set of continuous keypoint coordinates rather
than discrete labels, so corner-case poses cannot be grouped
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Figure 2. Proposed Framework for 3D Pose Data Augmentation. Our framework begins by identifying challenging and non-challenging
images in a 2D pose dataset using the Error Extraction Module (EEM). EEM isolates poses with high error from the Target Pose Estimator
(TPE) as challenging data, which are then processed in the Motion Synthesis Module (MSM) to generate complex motion sequences.
Subsequently, a motion-guided video generation model creates synthetic training data using non-challenging images as references, which

then undergoes a filtering process to finally train the TPE.

neatly by class. Instead, each problematic pose must be han-
dled at the sample level. Second, even after identifying the
problematic pose, reproducing it via simple text prompts
(e.g., “person bending forward with partially occluded right
arm”) is nontrivial due to the intricate geometric details in
pose. These challenges highlight a gap in current generative
data frameworks, underscoring the need for new strategies
to effectively pinpoint and synthesize corner-case poses.

3. Methods

We propose PoseSyn, a novel framework for augmenting in-
the-wild 2D pose dataset into 3D human pose data, enabling
3D pose estimators to generalize effectively across in-the-
wild scenes. The framework consists of two main modules:
the Error Extraction Module (EEM) and the Motion Synthe-
sis Module (MSM). First, EEM identifies challenging poses
in the 2D dataset D by comparing the GT 2D pose JZ} with
the 2D projection pose J® of the pseudo-label 3D pose
J3P predicted by a target pose estimator (TPE). This pro-
cess produces a set of challenging images and their mis-
predicted pose data Dc = {Ic, JZP} (Sec. 3.1). Since the
actual GT 3D poses for these challenging samples are not
available, MSM generates diverse motion sequences to ap-
proximate these problematic cases. To achieve this, MSM
first employs a Vision Language Model (VLM) [56] to gen-
erate descriptive captions for the challenging images Ic.
Then, using a text-to-motion model under the integrated
guidance of both caption and the mis-predicted pose, MSM
synthesizes challenging motion sequences M (Sec. 3.2).
Rather than directly estimating the unknown GT pose as
a single pose, these motion sequences serve to extend the
pose diversity, covering plausible variations of the challeng-
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ing scenario. The synthesized motion sequence Mc¢ is sub-
sequently utilized in the Motion-guided Video Generation
and Training stage, where an off-the-shelf human animation
model [64] generates image sequences aligned with Mc.
Finally, these created data (i.e., images and 3D poses) are
filtered, retaining only those that improve generalization,
and then used to fine-tune TPE (Sec. 3.3). The comprehen-
sive methodology is illustrated in Fig. 2.

3.1. Error Extraction Module

PoseSyn identifies poses within the in-the-wild 2D pose
dataset where TPE exhibits high error, termed as chal-
lenging poses. Specifically, let’s denote 2D pose dataset as
D = {I,J2R}, where I is an image, JZp € RM»*2 jg
the corresponding GT 2D pose, and N,p is the number of
2D joints. Through TPE, we predict the pseudo-label 3D
pose .J3P = TPE (I) and project J3> onto 2D image plane
J™ = Proj (J?P, f,p), where f is the focal length and p is
the principal point. Next, to identify the challenging poses,
we calculate the error for each data sample in 2D dataset D:

Err = an (jQD’" — jZD’l) — ( )
n=2
(D

where J?°" and Jgp" are the predicted and GT coordi-
nates of the n-th joint, respectively. The pelvis joint is des-
ignated as the root joint (i.e., n = 1) for calculating rela-
tive joint positions. The parameter w,, denotes the weight
assigned for the n-th joint, which allows important joints
to be emphasized when determining challenging poses. In
our method, we assign greater weight to the arms and legs

Nop
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(b) Non-challenging data
Figure 3. EEM Results. The proposed EEM identifies (a) chal-
lenging and (b) non-challenging data from in-the-wild 2D pose
dataset. Challenging data includes intricate and dynamic poses,
whereas non-challenging data consists of stationary and static
poses, demonstrating the effectiveness of the EEM.

due to their higher variability and complexity in move-
ment, which enhances the accuracy of identifying challeng-
ing poses with intricate joint configurations and dynamic
orientations. Based on the metric Err, we obtain the top
K¢ poses and their corresponding images as challenging
data D¢ = {I, ng}, using the following operation:

D¢ = Topg, (Err(d) | d € D). 2)

Similarly, we identify non-challenging data Dc
{Ixnc, J32}, which consist of the bottom Kyc poses and
their corresponding images with respect to the error metric:

Dnc = Topy, . (—Err(d) | d € D). 3)
As shown in Fig. 3, our EEM isolates the challenging data,
typically dynamic and complex poses where TPE struggles.
The non-challenging data, on the other hand, consists pri-
marily of static poses. Previous methods [14, 35] identify
challenging poses from unrealistic synthetic or simulated
data, thereby lacking the ability to enhance generalization
to real-world intricate poses. However, our EEM identifies
the challenging poses in a real-world dataset to create the
training data that can improve real-world generalization.

3.2. Motion Synthesis Module

Given the challenging data Dc = {Ic, JZP} identified by
EEM, the next necessary step is to generate training data
that approximates the actual challenging poses implied by
the images, which are unavailable. One simple approach is
to directly utilize the mis-predicted poses jéD . However,
since jéD deviates from the actual problematic poses, us-
ing it alone often results in ineffective training data. An-
other straightforward approach is to extract text descriptions
from challenging images I and generate poses from these
descriptions. Yet, text alone can be ambiguous, making it
difficult to precisely capture complex pose configurations.
To overcome these shortcomings, MSM integrates both
information in D¢ (i.e., textual cues from the challenging
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“The person in the
image is kneeling
down on the sand.”

Figure 4. SMG Architecture. Proposed Semantic-guided Motion
Generation (SMG) augments a mis-predicted pose into motion se-
quences. An initial motion representation MRy is encoded and
mapped into the codebook to produce initial motion indices Sax .
The transformer takes text embeddings ex; and Spqr both as in-
put and generates motion indices for motion sequence Mc.

image I and the mis-predicted pose jéD) and augments
the inaccurate pseudo-label jéD into motion sequences that
encompass plausible pose variations of the challenging sce-
nario. We instantiate this idea by modifying the existing
text-to-motion model, T2M-GPT [62], to incorporate both
the text description and the mis-predicted pose. Concretely,
a VLM [56] provides text descriptions for each challenging
image Ic by answering, “What is the motion of the some-
one in the image? Please answer similar to {Text-to-Motion
prompt examples}” (refer to supplementary material for de-
tails). Next, to address the ambiguity of text-based genera-
tion, we introduce an initial motion representation, MRy,
as shown in the SMG architecture in Fig. 4. Our empiri-
cal findings, presented in Sec. 4.4, demonstrate that this ap-
proach effectively mitigates the ambiguity, surpassing the
use of text embedding, ey, alone.

Specifically, we compute MRy = F (JED ® T) by
replicating the pseudo-labeled pose jéD over T' time steps
and applying a motion representation processing opera-
tion F' [18]. This initial motion representation is then en-
coded via an encoder £ in Motion VQ-VAE of T2M-GPT:
Zmr = E(MRini), where Zyr = {27z }_, are the
latent features of initial motion sequences. Here, M = T'/r
is a sequence length, and r is a temporal downsampling fac-
tor of the encoder. Each latent feature is mapped into a code-
book C with () codes {cq}g?:1 in the VQ-VAE to obtain ini-
tial motion indices Spr = {sTy% }M_; as follows:

siyr = argmin ||z — Cql|2. @

q
The initial motion indices Sy provide additional seman-
tic information for guiding the generation process, helping
to complement the insufficient information in the text de-



scription alone. Under the guidance of both textual and ini-
tial motion inputs, the motion indices are generated in an
autoregressive manner by predicting the distribution of pos-
sible next motion indices using a transformer as follows:

|Scl

p(SCIelexu SMR) = Hp(3i|etext>SMR7 5<i)-
=0

®)

Finally, the generated motion indices Sc, along with Sy g,
are input into the codebook and decoded through Motion
VQ-VAE, producing the augmented challenging motion se-
quence M¢ = {Jég}le consisting of L 3D joint poses.

3.3. Motion-guided Video Generation and Training

To create images corresponding to the generated motion
M, we utilize Champ [64], an off-the-shelf human anima-
tion model that applies motion guidance to reference RGB
images. Using RGB images Inc from non-challenging data
Dnc, we generate a human animated video Ve = {ICJ}ZLI1
based on the generated motion M. To align the global ori-
entation of M with the human orientation in Iyc, we pre-
process the parameters to ensure natural human animation.
Specifically, among the camera parameters, SMPL pose,
and SMPL shape parameters from Inc, we replace and ad-
just the pose parameters with those from generated motion
M (refer to supplementary materials for details). Unlike
previous method [14], which utilizes NeRF [53] to render
novel-view human images from generated 3D poses—often
resulting in artifacts like background absence and limited
human appearance diversity—our approach leverages diverse
reference images Inc. This approach produces images of
varied backgrounds and human appearances, making them
more suitable as training data for image-to-3D pose estima-
tors.

While these animated videos exhibit visually appealing
qualities that align with the generated motions, artifacts
such as the blending between human figures and their back-
grounds can still occur. To filter out noisy samples, each
generated image Ic; € V¢ is processed by TPE to predict
the 3D joint pose ij = TPE(Ic,;). We then compute the
error Err3p ; for each image I ; between the predicted 3D
joint pose and the corresponding generated 3D joint
pose J&1 (as derived in Sec. 3.2), as follows:

23D,
J"

Nip
Ermpy =Y ‘(JfD’” - JfD’l) - (ngj’” - Jélj’l) :
n=2
(6)
where Jél?l’" and Jél,)l’l denote the generated 3D joint pose

for the n-th joint and root joint, respectively, and N3p de-
notes the number of 3D joints. Any images with Errsp
above the threshold 7 are discarded. Finally, the remaining
high-quality 3D pose data are combined with the original
pre-training real data, to re-train TPE, enhancing its in-the-
wild generalization capability.
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4. Experiments

4.1. 3D Pose Estimators and Baselines

We evaluated three image-to-3D pose estimation models as
our target pose estimators (TPEs): Hybrik [32], 3DCrowd-
Net [8], and 4DHumans [ 15]. Hybrik, which bridges the gap
between 3D keypoint estimation and body mesh estimation
via a hybrid analytical-neural inverse kinematics, is widely
used for its strong performance in 3D human pose estima-
tion. 3DCrowdNet, designed to address the domain gap by
leveraging a crowded scene-robust image feature, is com-
monly employed for its robust 3D pose estimation perfor-
mance in in-the-wild crowded scenes. 4DHumans, which
achieves leading 3D human mesh recovery through a trans-
former architecture, is distinguished by its exceptional per-
formance on challenging poses. To ensure the broad appli-
cability of our approach, we conduct experiments across
these diverse TPEs, which represent different architectures
and target scenarios, reflecting the varying model sizes and
constraints encountered in real-world applications.

We compared our method against PoseGen [14] and
Ours-N, two baselines focused on augmenting 3D pose
data. Unlike Ours, which measures TPE performance
on each real-world image to identify challenging poses
where TPE underperforms, PoseGen generates synthetic
poses with a GAN and renders them via NeRF, identify-
ing challenging poses by measuring TPE performance on
these artificially created images. Ours-N employs the same
challenging-pose identification strategy (EEM) and motion
synthesis (MSM) as Ours, but replaces the human anima-
tion model [64] with NeRF rendering—mirroring PoseGen’s
image-generation method. Thus, comparing Ours and Ours-
N reveals the importance of realistic image rendering, while
comparing Ours-N and PoseGen highlights the advantage
of our key modules (i.e., EEM and MSM).

4.2. Datasets

Before applying our approach, we pre-trained each
TPE (i.e., Hybrik, 3DCrowdNet, and 4DHumans) on
five datasets: Human3.6M [20], MuCo [38], MPI-INF-
3DHP [37], MPII [1], and MSCOCO [34]. The first three
datasets (i.e., Human3.6M, MuCo, and MPI-INF-3DHP)
provide accurate 3D pose annotations captured with multi-
view camera systems, but they either lack background
diversity or have synthetic backgrounds. On the other
hand, MPII and MSCOCO offer more diverse and com-
plex backgrounds, but only contain pseudo-labeled [40] 3D
pose annotations. After pre-training TPE on these datasets,
our framework synthesized an additional 3D pose dataset
from the MPII dataset, an in-the-wild 2D pose dataset.
Specifically, we identified the top 500 challenging samples
(K¢ = 500) and the bottom 200 non-challenging sam-
ples (Knc = 200) from single-person in-the-wild 2D pose
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Figure 5. Qualitative Comparison with Baselines. 3DCrowdNet trained with only real data exhibits inaccurate 3D pose predictions with
limited generalization capability. Baselines (i.e., PoseGen and Ours-N) show limited performance gains, but our approach achieves more
accurate pose predictions across diverse real-world datasets with various backgrounds and occlusions, challenging poses, and multi-views.
Red boxes highlight areas of incorrect predictions in models trained with real-only data and baseline methods.

2 [ vethod | 3DPW [ EMDB [ CMU171204 | CMU171026 | HuMMan | Mean [[ LSPET | JHMDB | Mean

= | MPIPE| | PA-MPIPE| | MPJPE| | PA-MPJPE, | MPJPE| | PA-MPIPE, | MPJPE| | PA-MPJPE, | MPJPE|, | PA-MPIPE| | MPJPE| | PAMPIJPE, || PCK:®1 | PCK®1 | PCK)St
g Real-only 81.7 51.1 115.8 71.2 108.8 72.5 110.7 70.4 98.9 65.8 103.2 66.2 69.5 80.5 75.0
T | PoseGen 80.0 50.0 113.1 70.5 104.0 68.6 106.8 68.3 945 64.0 99.7 64.3 70.0 79.6 74.8
8 Ours-N 78.6 49.7 111.8 69.7 103.1 68.8 105.8 68.2 93.1 63.9 98.5 64.1 70.5 81.0 75.8
2 Ours 77.4 48.9 111.0 68.3 101.0 67.3 105.0 67.9 93.1 62.3 97.5 62.9 70.7 81.2 76.0
T Real-only 88.0 48.6 155.4 104.1 117.5 79.8 125.6 822 119.7 75.1 121.2 78.0 70.7 78.7 74.7
E PoseGen 84.8 47.6 146.9 101.0 120.8 83.2 124.8 90.9 111.2 73.3 117.9 79.6 71.1 78.7 74.9
:E* Ours-N 81.1 46.5 141.1 99.2 115.7 80.1 127.0 86.4 100.4 70.4 113.1 76.5 71.3 78.7 75.0
Ours 78.4 46.2 129.9 90.2 100.3 68.9 119.1 771 95.3 71.1 104.6 70.7 71.7 78.8 75.3
é Real-only 81.3 54.3 116.3 79.1 115.1 82.0 115.3 74.2 106.1 73.8 106.8 72.7 86.3 88.3 87.3
£ | PoseGen 81.1 54.1 114.5 78.3 111.3 79.2 114.5 71.3 105.3 73.8 105.3 71.3 86.1 88.4 87.3
E Ours-N 80.6 53.0 112.6 77.1 106.6 749 110.1 68.2 101.0 70.4 102.1 68.7 86.4 88.5 87.5
9,. Ours 77.0 521 108.6 74.8 104.1 72.9 107.8 65.9 98.0 68.5 99.1 66.8 86.6 88.8 87.7

Table 1. Quantitative comparison with baselines. Pose estimation performance is evaluated with MPJPE and PA-MPJPE metrics for 3D
pose datasets (i.e., 3DPW, EMDB, CMU, and HuMMan), and with PCKh metric for 2D pose datasets (i.e., LSPET and JHMDB). For
three TPEs (i.e., 3DCrowdNet, Hybrik, and 4DHumans), our approach outperforms other baselines (i.e., PoseGen and Ours-N) across each
dataset, demonstrating the highest generalization improvement in real-world scenarios.

data in the MPII dataset. Then, using our proposed method-
ology including the filtering based on Eq. 6, we synthe-
sized 27,000 3D pose data samples from the source 2D
data. For evaluation, we utilized six datasets: 3DPW [54],
EMDB [28], CMU [26], HuMMan [4], LSPET [24, 25],
and JHMDB [21]. These datasets encompass various hu-
man appearances and poses in in-the-wild scenarios [21,
24,25, 28, 54] or multi-view camera setups [4, 26]. For 3D
pose evaluation on the 3DPW, EMDB, CMU, and HuM-
Man datasets, we used two metrics: Mean Per Joint Po-
sition Error (MPJPE [20]) and Procrustes-aligned MPJPE
(PA-MPIJPE [20]). For 2D pose evaluation on the LSPET
and JHMDB datasets, we used PCKh [1] metric.

4.3. Comparison with Baselines

We evaluated PoseSyn through both qualitative and quan-
titative comparisons against two baselines across three
TPEs. As shown in Fig. 5, our methodology, along with
PoseGen and Ours-N, improved the performance of TPE
(i.e., 3DCrowdNet). However, PoseGen underperformed
both Ours-N and Ours on the sample from the JHMDB
dataset in the first row of Fig. 5. This discrepancy occurs
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because PoseGen obtains challenging poses from NeRF-
rendered images, as shown in Fig. 6 (a), rather than directly
from in-the-wild images. Furthermore, even when challeng-
ing poses were obtained from in-the-wild images, Ours
surpassed Ours-N on the sample from the EMDB dataset
in the second row. This improvement stems from the fact
that the 3D pose data generated by Ours-N primarily con-
sists of NeRF-rendered images, limiting diversity in both
backgrounds and human appearances—an important element
for training image-to-3D pose estimators—as illustrated in
Fig. 6 (b). In contrast, as depicted in Fig. 6 (c), PoseSyn not
only acquires challenging poses from real-world data, but
also leverages a human animation model to generate im-
ages that showcase various human appearances and intri-
cate poses with realistic backgrounds. Consequently, Pos-
eSyn demonstrated significantly improved performance, as
illustrated in Fig. 5, aligning with quantitative metrics in
Tab. 1. Our method yields 6—14% improvements in MPJPE
and 5-9% in PA-MPJPE on 3D datasets, along with a 1-2%
accuracy gain on 2D datasets across various TPEs. These
results confirm that PoseSyn provides robust data augmen-
tation benefits, consistently enhancing performance across
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Figure 6. Qualitative Comparison of Augmented Data. (a)
PoseGen generates 3D pose data where poses differ from real-
world problematic poses due to the way of acquiring challeng-
ing poses from synthetic images rendered by NeRF. (b) Ours-N
extracts challenging poses from in-the-wild dataset but lacks di-
versity in rendered images. (c) Ours not only acquires problem-
atic poses from real-world but also generates images with various
human appearances and realistic backgrounds. Note that each col-
umn in (b) and (c) displays images generated from the same poses.

various real-world scenarios.

4.4. Effectiveness of MSM

Does MSM effectively augment identified challenging
poses into motion sequences? To evaluate whether MSM
effectively augments challenging poses identified by EEM
into motion sequences, we conducted a direct evaluation of
how closely MSM-generated motions align with the GT 3D
poses—without training the TPE on these synthesized data.
We first selected challenging samples from EMDB dataset,
which contains GT 3D pose annotations, by applying TPE
(3DCrowdNet) and choosing the top 100 samples with the
largest error. On these challenging samples, the average PA-
MPIJPE between the TPE-predicted and GT poses was 181.7
mm (Tab. 2 (a)). We then augmented each of 100 TPE-
predicted poses into motion sequences using two methods:
(b) MSM without initial motion representation (i.e., w/o
MRini) and (c) our full MSM with both initial motion
and text description. Within each sequence, we computed
the PA-MPJPE between every synthesized pose and the GT
pose, then calculated the mean, standard deviation (std), and
minimum (min) of these PA-MPJPE values. Finally, we av-
eraged these three statistics across all 100 sequences. Since
(a) is just a single TPE-predicted pose for each hard case,
its mean and min are the same and its std is zero. As shown
in Tab. 2, though motion synthesis approaches (i.e., (b) and
(c)) have higher mean error than mis-prediction (a), these
approaches achieved lower min error. This indicates that, by
synthesizing plausible pose variants, they produce at least
one pose that is closer to the true problematic pose than the
single naive mis-predicted pose. Notably, (b) omitting the
initial pose representation raises both mean (222.3 mm) and
min (151.1 mm) error, emphasizing the vital role of MRy
to accurately target challenging poses.

Is the effectiveness of MSM essential for TPE’s per-
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Method | Mean (}) £5td (1) | Min(})

(a) J3P 181.7 + 0. mm 181.7 mm

(b) Wio MRini¢ | 222.3 + 36.4 mm 151.1 (-16.8%) mm
(c) Ours 209.3 & 36.5 mm 140.8 (-22.5%) mm

Table 2. Analysis on Effectiveness of MSM. We assessed how
well the generated poses reflect the identified challenging poses.
This evaluation was conducted using PA-MPJPE between the GT
3D pose in EMDB dataset and the generated poses. Results show
(a) mis-prediction, (b) without MRini, (c) our full MSM.

Method Metrics 3DPW EMDB 12?;54 1511\336 HuMMan | Mean
Real-only MPJPE | 81.7 115.8 108.8 110.7 98.9 103.2
PA-MPIPE | 51.1 71.2 72.5 70.4 65.8 66.2
o MPJPE | 78.7 115.8 102.7 104.8 96.2 99.6
: PA-MPJPE | 51.1 72.1 68.4 69.6 65.6 65.4
Wio MR MPJPE | 78.2 112.7 102.6 106.1 93.1 98.5
M pA-MPIPE | | 50.1 70.2 68.6 68.9 64.0 64.4
Ours MPJPE | 77.4 111.0 101.0 105.0 93.1 97.5
PA-MPIPE | | 48.9 68.3 67.3 67.9 62.3 62.9

Table 3. Effectiveness of MSM in TPE Training. We assessed
the impact of MSM on TPE performance by training 3DCrowd-
Net using data augmented with three different MSM configura-
tions (mis-prediction, without M7Risit, and our full MSM).

Jormance improvement? MSM aims to augment the mis-
predicted pose for challenging image into motion sequences
better approximate the actual challenging pose, followed by
human animation model to generate images under condi-
tion of the augmented motion sequences. Without MSM,
images are generated using only the mis-predicted pose as
a condition, as shown in Fig. 7 (a). Since this mis-predicted
pose differs from the actual challenging pose, 3D pose data
synthesized in this manner does not properly reflect such
challenging scenarios. Furthermore, this approach has no
ability to produce any diverse pose variations for these dif-
ficult cases, leading to minimal performance gains when
fine-tuning with such monotonous pose data, as indicated
in Tab. 3 (i.e., J3P). Conversely, when images are generated
using augmented motion that aligns more closely with the
challenging images—thanks to MSM-the performance im-
provement was maximized (See Ours in Tab. 3). This is be-
cause the human animation model generates images condi-
tioned on motions close to pose where TPE shows low per-
formance, effectively targeting those challenging scenarios.
Lastly, without initial motion representation, generated mo-
tions failed to reflect the actual problematic pose’s configu-
ration as shown in Fig. 7 (b), leading to limited performance
gains (i.e., w/o MRy in Tab. 3).

4.5. Ablation Study

To assess the effectiveness of EEM, we first ablated EEM
in our framework. As shown in Tab. 4, without EEM, the
performance gain was minimal, highlighting the importance
of identifying and synthesizing challenging samples where
TPE underperforms. Additionally, we evaluated how us-
ing a different TPE inside EEM would affect final per-
formance on the actual TPE (i.e., 3DCrowdNet). Specif-
ically, we replaced 3DCrowdNet with Hybrik or 4DHu-
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(b) W/o MRinie

(c) Ours

SMG text in’put: “The person in the image is kneeling down and chopping with an axe.”

Figure 7. Effectiveness of MSM in Data Synthesis. The first row
shows the challenging image and pose in D¢ and reference im-
age in Dnc. (a) Without MSM, images are generated using the
repeated mis-predicted pose as a condition. (b) Without M Rini,
MSM-generated motion only reflects “chopping with an axe”
missing “kneeling down”, the actual problematic pose. (c) Ours ef-
fectively augments the actual problematic pose into 3D pose data.

Model Training CMU CMU

(EEM) method Metrics 3DPW EMDB 171204 171206 HuMMan | Mean
v | L TR e e
ok | T O | S0 s s ek el | e
s | S| T e
N e B B
wowa| [ | T4 e me wy wm |

Table 4. Ablation Study on EEM. We conducted an ablation
study to examine the effect of different pose estimators within
EEM on TPE performance. We compared ours with three settings:
(1) excluding EEM entirely, (2) using a pose estimator different
from the TPE (i.e., Hybrik and 4DHumans) in EEM, and (3) using
the same TPE model, 3DCrowdNet, in EEM but training estimator
from scratch. “FT” denotes a fine-tuning approach and “FS” rep-
resents an approach of training estimator from scratch.

mans for identifying challenging poses. Although both vari-
ants showed improved performance upon the without EEM
baseline, neither matched the performance achieved by us-
ing 3DCrowdNet in EEM, which is our original method.
This demonstrates that each TPE has its own problematic
poses with lower performance, so focusing data synthesis
on these poses yields better results. We also tested an ap-
proach called, 3DCrowdNet (FS), which uses a pre-trained
3DCrowdNet to identify hard samples, but trains a ran-
domly initialized 3DCrowdNet using synthesized data from
those hard samples. While 3DCrowdNet (FS) surpassed
different model architectures, it still underperformed com-
pared to using the exact same TPE weights. Overall, these
results confirm that using the same pre-trained TPE within
EEM is the most effective way to generate tailored train-
ing data and maximize generalization gains. Lastly, we con-
ducted an ablation study for various threshold values in the
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Filtering | 3DPW I EMDB Mean
7 | Pass | MPJPE| PA-MPJPE| | MPJPE| | PA-MPJPE| | MPJPE| | PA-MPJPE|

200 | 72.6% 79.9 50.2 114.5 70.8 97.2 61.0
160 | 64.0% 78.7 49.7 113.0 70.3 95.9 60.0
120 | 45.7% 774 48.9 111.0 68.3 94.2 58.6
80 | 28.2% 78.6 49.6 111.9 69.8 95.3 59.7
40 | 6.6% 79.5 49.8 112.4 70.1 96.0 60.0

Table 5. Ablation Study on Filtering. We experimented with dif-
ferent threshold values (7) in filtering process to examine their im-
pact on TPE (i.e. 3DCrowdNet) performance when training with
our synthesized 3D pose data. “Pass” denotes the percentage of
data retained after filtering step.

filtering step, allowing us to assess its impact on training
the TPE with our created 3D pose data, as shown in Tab 5.
Though our method utilizes an off-the-shelf human anima-
tion model for creating images aligned with synthesized
motion, editing by motion can sometimes lead to blend-
ing artifacts between the human and background. Using
the degraded data blindly (high 7) can lower model perfor-
mance, while excessive filtering (low 7) could leave only
simpler samples, restricting performance improvement. We
set 7 = 120 to ensure high-quality images for training the
image-to-3D pose estimator, while still retaining problem-
atic pose samples where TPE struggles.

5. Conclusion

We present PoseSyn, a novel framework to improve TPE
generalization by effectively augmenting in-the-wild 2D
pose data into enriched 3D pose training data. Our EEM ef-
fectively identifies challenging poses and images, while our
MSM generates motion sequences aligned with the identi-
fied problematic poses under the guidance of both text de-
scription and initial motion representation. These motion
sequences are then used to generate images of various hu-
man appearances and poses, enriching 3D pose data and
enhancing the generalization capability of TPEs. Experi-
mental results confirm that PoseSyn achieves notable ac-
curacy improvements across various benchmarks and TPE
architectures. We believe this framework provides a promis-
ing solution for enhancing generalization of pose estimator
regardless of its model characteristic without the need for
costly acquisition of 3D pose data.

Limitation Our framework utilizes an off-the-shelf hu-
man animation model [64] for motion-guided video gener-
ation, editing a human in a reference image based on gener-
ated motions. However, since the animation model struggles
with multi-person scenarios (e.g., human interaction), our
framework is also limited to single-person scenario. Extend-
ing our framework would require advancements in multi-
person animation model with the integration of interaction-
aware motion generation models into our MSM. Future
work could focus on these developments to support multi-
person 3D pose data synthesis.
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