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Abstract

This paper proposes an end-to-end framework for generat-
ing 3D human pose datasets using Neural Radiance Fields
(NeRF). Public datasets generally have limited diversity in
terms of human poses and camera viewpoints, largely due to
the resource-intensive nature of collecting 3D human pose
data. As a result, pose estimators trained on public datasets
significantly underperform when applied to unseen out-of-
distribution samples. Previous works proposed augmenting
public datasets by generating 2D-3D pose pairs or render-
ing a large amount of random data. Such approaches either
overlook image rendering or result in suboptimal datasets for
pre-trained models. Here we propose PoseGen, which learns
to generate a dataset (human 3D poses and images) with a
feedback loss from a given pre-trained pose estimator. In
contrast to prior art, our generated data is optimized to im-
prove the robustness of the pre-trained model. The objec-
tive of PoseGen is to learn a distribution of data that maxi-
mizes the prediction error of a given pre-trained model. As
the learned data distribution contains OOD samples of the
pre-trained model, sampling data from such a distribution
for further fine-tuning a pre-trained model improves the gen-
eralizability of the model. This is the first work that pro-
poses NeRFs for 3D human data generation. NeRFs are data-
driven and do not require 3D scans of humans. Therefore,
using NeRF for data generation is a new direction for con-
venient user-specific data generation. Our extensive experi-
ments show that the proposed PoseGen improves two base-
line models (SPIN and HybrIK) on four datasets with an av-
erage 6% relative improvement. Code is available at https:
//github.com/mgholamikn/PoseGen.

Introduction

3D human pose and mesh estimation, the task of recon-
structing human pose in 3D space given a 2D image of the
person, is an ill-posed problem, and many data-driven ap-
proaches using deep learning were recently proposed (Liu,
Kortylewski, and Yuille 2023; Gholami et al. 2022a; Li et al.
2022). A dataset covering the distribution of possible human
poses, global orientation, appearance, and other attributes
would be large and difficult to capture in practice. In con-
trast to vision tasks such as classification and object detec-
tion, 3D human pose labels can not be obtained by man-

Copyright © 2024, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

1905

Train Data
g

Test Data

SPIN

HybrlK
BN Pre-Trained Model

SPIN

HybrlK
Bl Fine-Tuned with PoseGen

Figure 1: There is a domain gap between the training data
used for training pose estimators and in-the-wild images
(OOD samples). Therefore, pre-trained models underper-
form when applied to OOD samples.

ual annotation and require an expensive setting for accu-
rate measuring. Therefore, there are limited public datasets
and these datasets generally have limited diversity. Unfor-
tunately, most pose estimation models that are trained on
public datasets underperform when applied to the out-of-
distribution (OOD) samples or samples in the tails of the
distribution. Figure 1 shows the domain gap between train-
ing and test data.

To address the above-mentioned concern, prior work pro-
posed augmenting the publicly available datasets by generat-
ing 2D-3D human pose pairs (Gong, Zhang, and Feng 2021;
Gholami et al. 2022b; Li et al. 2020; Li and Pun 2023) or
by rendering synthetic images in more variant poses and ap-
pearances (Patel et al. 2021; Black et al. 2023). Augment-
ing a 3D dataset in the 2D-3D pose space is useful merely
for the models that accept 2D poses as input. Therefore, the
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majority of 3D pose estimators that accept RGB images as
input (not 2D pose) can not be fine-tuned with augmented
2D-3D pose pairs. AGORA (Patel et al. 2021) and BED-
LAM (Black et al. 2023) generate synthetic human images
and 3D poses. Their experiments show that fine-tuning pre-
trained pose estimators on synthetic data makes the models
robust on OOD test samples. However, AGORA and BED-
LAM use game engines to render human images in an offline
manner. Therefore the generated datasets are not optimized
for a particular pre-trained model to improve its robustness
and generalizability.

Most of the prior arts consider data generation and model
training as two different steps (offline methods). PoseAug
(Gong, Zhang, and Feng 2021) and AdaptPose (Gholami
et al. 2022b) proposed data generation and model training
in a single step (online methods). They used feedback from
a pose estimator to guide data generation. Online methods
make data generation a learnable procedure and prevent gen-
erating samples that deviate the downstream model from its
objective. PoseAug and AdaptPose use the fixed-hard ra-
tio loss that controls the hardness of generated data. The
fixed hard ratio loss converges to zero by either minimiz-
ing the loss of the model on the source data or maximizing
the loss on the generated data. Such a loss function might
converge to generating in-distribution (IND) data. Moreover,
fixed hard ratio loss is not source-dataset-free and inevitably
needs a source dataset during data generation. Here we pro-
pose directly maximizing the loss of a pre-trained model
while generating data to find a distribution of data that is
OOD for the pre-trained model.

In this work, we leverage the advances in Neural Radiance
Fields (NeRF). NeRF can generate high-quality images of
the scene from novel views. Compared with traditional ren-
dering engines, NeRF has two major merits: 1) It is differ-
entiable, and 2) it only requires multi-view images for train-
ing, and does not require hand-crafted 3D models. Recent
works have trained NeRFs on human images and allow the
rendering of human images from novel camera viewpoints
and novel poses. NeRFs can be trained on user-specific im-
ages and therefore can be used to generate user-specific 3D
pose datasets. Having such a dataset significantly improves
the accuracy of pre-trained models on tasks that require ac-
curate pose estimation (e.g., medical applications).

Figure 2 shows the overall framework of the proposed
PoseGen. PoseGen has a generator that outputs 3D human
pose and camera viewpoint. The generated 3D poses are
fed to a discriminator that enforces them to be plausible.
The generated 3D poses and camera viewpoints are fed to
a NeRF model to render corresponding human images. The
rendered images are then used to estimate the generated 3D
poses. The error of 3D pose estimation is used as feedback to
the generator. We investigate two scenarios where we mauxi-
mize or minimize the feedback loss from the pose estimator.
Maximizing the loss of pose estimator during data genera-
tion leads to OOD data generation and minimizing the loss
of pose estimator during the data generation results in IND
data generation.

In summary, our contributions are as follows: We

» propose an end-to-end framework for generating novel
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user-specific 3D human pose and image datasets.

* propose a generative model that learns the distribution of
a pre-trained model and can generate in-distribution and
out-of-distribution poses and images.

* propose a simple yet effective feedback function for gen-
erative models from pre-trained pose estimators.

* show the effectiveness of NeRF for generating human
synthetic datasets.

 obtain SOTA results when doing extensive experiments
on 4 datasets with two baseline models.

Related Work

Synthetic 2D-3D Pose Generator. Some prior arts use a
two-step method for 3D human pose estimation; In the first
step, 2D poses are estimated, and the 3D pose model is
trained to estimate 3D from 2D. (Li et al. 2020; Gong,
Zhang, and Feng 2021; Gholami et al. 2022b) propose aug-
menting 2D-3D pose pairs to improve the robustness of pose
estimators that use the two-step method. (Li et al. 2020) uses
an evolutionary method to augment 3D poses by substituting
body parts of real poses from a public dataset. Their evolu-
tionary method is a random data augmentation without any
feedback from the pose estimators. (Gong, Zhang, and Feng
2021; Gholami et al. 2022b) propose a learnable framework
that learns how to augment data given feedback loss func-
tion from the pose estimator. These methods are effective
when accurate 2D poses are available at the test time. How-
ever, the improvements are limited when 2D pose inputs are
in-accurate (Gholami et al. 2022b).

Synthetic Image-3D Generator. Prior works use tradi-
tional rendering engines to render photo-realistic human im-
ages given human poses. AGORA (Patel et al. 2021) uses
4240 high-quality textured scans of people and randomly
samples 3D people and place them in scenes at random dis-
tances and orientations. AGORA uses a game engine (Epic
Games 2017) optimized for high-quality output to render hu-
man images. BEDLAM (Black et al. 2023) uses 271 body
shapes with 100 skin textures and 27 different types of hair
to the head of SMPL-X. Both AGORA and BEDLAM per-
form data generation in an offline manner and are unable to
generate user-specific datasets. SURREAL applies primitive
textures on naked SMPL body mesh to generate synthetic
images. SURREAL (Varol et al. 2017) uses 3D sequences
of MoCap data and therefore has small variations in terms
of body poses.

There is another direction that uses realistic human im-
ages and then renders them synthetically in new scenes
(Gabeur et al. 2019; Mehta et al. 2017, 2018). These meth-
ods have the limitation of real data, including a limited varia-
tion of human poses. Based on realistic human images, (Ro-
gez and Schmid 2016) uses 3D pose to select real image
whose 2D pose locally matches the projected 3D pose. Se-
lected images are then stitched to generate a new synthetic
image. The generated images by these methods are prone
to be unrealistic. Since rendering photo-realistic images is
challenging, some prior work rendered SMPL mesh as a sil-
houette or body segments and estimated 3D human poses
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Figure 2: The overall framework of the proposed PoseGen. The pose generator learns to generate input of novel poses 6 and
camera viewpoints K which are fed to a NeRF model to render human images. The 3D pose estimator is trained with rendered
images and provides feedback to the pose generator. The feedback function enforces the generator to generate OOD data.

(Xu, Zhu, and Tung 2019; Rong et al. 2019; Pavlakos et al.
2018). These methods do not tackle the performance drops
due to unseen human appearances and textures.

Pose Priors. Our work is related to a line of research that
uses a machine-learning model to learn the priors of human
3D poses. VPoser (Pavlakos et al. 2019) proposes a Varia-
tional Autoencoder to learn a low dimensional latent space
for human 3D poses. The learned priors by VAEs are mean-
centered and therefore discard the tails of distribution that
are far away from the center of the distribution. On the other
hand, since its Gaussian prior is unbounded, it is possible to
sample poses that are very far from the mean of the distribu-
tion which leads to implausible data. (Davydov et al. 2022)
proposes adversarial training to learn bounded priors that are
able to sample poses far away from the center of the distri-
bution. None of these works is able to learn a distribution of
poses that are plausible while OOD for a given pre-trained
model. Therefore, these previous works are not able to ef-
fectively improve the generalizability of pre-trained models.

Method
Problem Formulation

The overall framework of PoseGen is given in Fig 2. It in-
cludes a pose generator G that outputs human poses 6 and
camera viewpoints K, a Discriminator D that enforces gen-
erated poses to be plausible, a NeRF model that renders hu-
man images given poses and camera viewpoints, and a pre-
trained 3D pose estimator P that learns the new data and
provides feedback to the generator. The overall objective is
to make the 3D pose estimator P generalizable to unseen
(OOD) samples.

The generator samples vector z from a distribution P, €
RP. The output of generator is SMPL body poses § € R5?
and camera viewpoint K € R3. § is the relative rotation
of limbs in a format of the axis-angle rotation matrix and
K is the camera viewpoint in an axis-angle rotation format.
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The body shape parameters of SMPL (3 are kept fixed due to
the constraints of A-NeRF in rendering bodies with different
shapes. Since we aim to generate samples that improve the
generalizability of P, it is critical to learn a distribution of
data that includes OOD samples. However, generating OOD
samples might make the model deviate from the ideal per-
formance. Therefore, we perform two sets of experiments.
Scenario 1: P, is learned to be IND for P, and in Scenario
2: P, is learned to be OOD for P.

Our method learns the latent space distribution of a gener-
ative network G that outputs the input parameters of a NeRF
model Cy (8, K). In Scenario 1, the objective of G is to gen-
erate plausible poses while minimizing the training loss of
the pose estimator P:

min max £(G, D, P).
GP D
The learned latent distribution [P can be used to generate hu-
man data (images and poses) that will be considered as IND
for P. In Scenario 2 the objective of G is to generate plausi-
ble poses while increasing the training loss of the pose esti-
mator P:

(D

min max L(G, D, P).
g D,P

The learned latent distribution PP can be used to generate
OOD samples for P. The OOD sample contains a distribu-
tion of data that covers failure cases of P including OOD
camera viewpoints and human poses. In the following, we
will discuss the formulation of C, G, and D.

2)

Pose Generator and Discriminator

The pose generator samples vector z from a distribution P.,.
P, is the prior of the synthetic data that plays a crucial role
in the quality of generated data. We try different latent space
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distributions including normal, uniform, and spherical dis-
tribution S, for data generation:

2y ~ P, = N(0,1) C RY, (3)
2~ Py =U_y 0 CRY, )
zg ~P, =8 CcR?, (5)

where the spherical distribution samples vector z from nor-
mal distribution and computes zg = H;ﬁ Prior works
suggest that using uniform-like distributions (/ and S) is
superior to a normal distribution (A) in learning a general
prior for human poses (Davydov et al. 2022). In this work,
the generator is not intended to acquire a general prior pose
knowledge, but rather to understand the failure modes of
the pose estimator P. Uniform-like priors tend to uniformly
sample from the plausible poses while the normal distribu-
tion is mean-centered and can better find specific modes of
the data. Therefore, we argue that normal distribution is a
better case for our objective.

In Scenario 2, the generator aims to minimize the loss of
‘P on the generated data. The feedback in this scenario is
defined as:

1

Lr=~ ©)

N J
SO Xy = Xijll,
j=1i=1

where X represents the ground-truth 3D poses, X denotes
the estimated 3D poses, J is the total number of joints, and
N is the number of samples. In Scenario I, the generator
strives to maximize the loss of P on the generated data until
it reaches a certain threshold, denoted by c. Consequently,
the feedback in this scenario is given by:

11 L .
Efb:C*NjZZHXi,j*Xi,J’

j=1i=1

~f =

N

|2

The overall objective function of the generator is to min-
imize the weighted summation of adversarial loss and feed-
back loss. In scenario 2, the feedback loss enforces the gen-
erator to explore failure modes of P while the adversar-
ial loss takes care of generated poses being plausible. On
the other hand, in scenario I the generator tries to generate
novel poses that do not significantly deviate from the origi-
nal distribution of source data. The overall loss of G is

(3)
where L4, represents the least square GAN loss used for
training the generator:

Lado = Eznp [(D(G(2)) — 1)7]. )

The pose discriminator splits the human body into 6 parts
including the torso, left/right leg, and left/right arm and
head. The discriminator tries to distinguish real 3D poses
from AMASS and synthetic 3D poses from the generator by
taking into account the 6 body parts as well as the whole
body parts. We use axis-angle joint angles 6 as input for
the discriminator D. AMASS includes archives of human
poses and we assume that using AMASS as the prior for the

ﬁg - wlﬁadv + w2£fb:
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discriminator does not enforce the generated data to a spe-
cific sub-mode of human poses. In the appendix, we show
the distribution of AMASS and the distribution of body
poses in publicly available datasets such as 3DPWS (test-
set). AMASS covers all models of the 3DPW test set and
qualitatively proves that using AMASS is not problematic.

The discriminator D only enforces generated data in terms
of body poses 6 and does not take into account camera view-
point K. The camera viewpoint is mainly affected by feed-
back from P. The adversarial objective of the discriminator
is:

Lp = Egp, [(D(0) = 1)°] + E=np.[D(G(2))°]  (10)
where Py is the real pose distribution of the AMASS dataset.

Animatable NeRF
We use animatable human NeRF (Su et al. 2021) (A-NeRF)
to render human images in new poses and from new view-
points. A-Nerf enables rendering a human body in unseen
poses and unseen viewpoints. The merit of A-NeRF com-
pared with classical rendering methods is that it does not
require human 3D scans and enables rendering personalized
human images (with A-NeRF trained on personalized data).
Given a sequence of frames from a person [I;]5_;, A-
NeRF is aimed to optimize 3D poses [0)]5_, and a parame-
terized body model Cy. ¢ and ¢ are optimized for an image
reconstruction objective as follows:

N 020
L = X|[Cy(0k) — Ik||1 + Xod(0r — 0O) "")\t”WH- (11)

The last term applies a smoothness prior and the middle term

enforces the optimized 6 to be close to 6 estimated by a 3D
pose estimator. We render synthetic human images via ray
marching as follows:

C(u,v;0k) = EiQ:lTi(l —exp(—0;0i))c;,  (12)
where (u, v) are 2d location in the image and T is defined as
T; = exp(— Z;;ll 0;6;). 0; is the volume density at sample
location j along the ray and d; is the distance between two
adjacent points along the ray.

Pose Estimator
The pose estimator is trained with the image and 3D pose
pairs (I,0). The I is rendered by A-NeRF and 6 is gener-
ated by G. We assume that # would be the ground truth 3D
poses of the rendered image. However, the A-NeRF model
is not perfect and there might be some errors in the rendered
image specifically for complicated poses from a novel cam-
era viewpoint. Therefore, we add a simple constraint on the
loss of P to exclude samples with large errors. The £y used
for training the pose estimator is £y = f(]|0; — 0;]]2) where
6 is the estimated pose and f is:

ifw<d
otherwise ’

s ={y

In the above formula, d is a threshold to exclude samples
with large errors. For the generalizability of our method, we

13)
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use the same loss for fine-tuning any pose estimator. The
additional losses used for prior working during their pre-
training process are not used for fine-tuning.

Experiments

Datasets. We use three datasets that are not used during pre-
training of pose estimator P, including 3DPW, AGORA, and
SKI-Pose, for evaluation. To further evaluate the effective-
ness of the proposed PoseGen on boosting the performance
of P on IND datasets used in the pre-training procedure, we
also perform an evaluation on 3DHP. Below we give the de-
tails of each dataset.

¢ 3DPW (von Marcard et al. 2018) includes in-the-wild
images of two subjects performing different tasks includ-
ing climbing, boxing, and playing basketball. We use the
test set of 3DPW for evaluation.

* AGORA includes realistic high-quality synthetic data
from more than 150 subjects with varied clothing and
with complex realistic backgrounds. AGORA includes
frequent occluded images that make a unique dataset for
evaluation of the generalizability of pre-trained models.

¢ SKI-Pose (Sporri 2016) is captured in a ski resort from
5 professional athletes. SKI-Pose includes camera view-
point and poses rarely seen in the training of pose esti-
mators. We use the test set of SKI-Pose for evaluation.

¢ MPI-INF-3DHP (3DHP) includes data from 8 subjects.
The test set includes data from two of the subjects and
includes in-the-wild and in-the-lab data. The training set
of 3DHP has been used for training and the test set is
used for evaluation as IND data.

Pose Estimators. Our framework can be used to fine-
tune any pre-trained pose estimator. We choose two popu-
lar pre-trained 3D human pose and mesh estimator models,
namely HybrIK (Li et al. 2021) and SPIN (Kolotouros et al.
2019). SPIN is a famous pre-trained model widely used as a
baseline in recent works (Liu, Kortylewski, and Yuille 2023)
and HybrlIK is a recent method that has specifically shown
promising results on cross-dataset evaluations. HybrIK is
pre-trained on 3DHP, Human3.6M (Ionescu et al. 2014), and
MSCOCO (Lin et al. 2015). SPIN has been trained on Hu-
man3.6M, 3DHP, and LSP (Johnson and Everingham 2010).
We fine-tuned these pre-trained models with our framework
and evaluated them on unseen datasets.

NeRF Model. The NeRF model (Su et al. 2021) has been
trained on 1500 synthetic 3D poses from (CMU 2020). The
3D poses were rendered by (Varol et al. 2017) from 9 dif-
ferent camera viewpoints. The total number of images in the
training set was 10800 512 x 512 images. We keep the NeRF
model frozen during training and data generation.

Evaluation Metrics. Following previous work, we use
mean-per-joint position error (MPJPE) and mean-per-joint
position error after Procrustes alignment (PA-MPJPE) with
the ground truth 3D poses. We also report PCK on the 3DHP
dataset.

Quantitative Results

Tables 1, 2, and 3 show the evaluation results of PoseGen on
AGORA, 3DPW, and SKI-Pose under scenario 2 assump-
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Figure 3: Sample images and 3D poses generated by
PoseGen. Images are from novel poses and novel camera
viewpoints. The 3D poses and images qualitatively are good,
even though images are rendered from rare viewpoints.
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tions. In the upper section of the tables, we show the re-
sults of pose estimators after fine-tuning (FT) on the desig-
nated dataset. In the lower section of the tables, we show
the evaluation results of the pre-trained model (PT) on the
test set of the designated dataset. The difference between
the results of FT and PT models indicates how much the
dataset is OOD for the PT models. The difference between
FT and PT on AGORA, 3DPW, and SKI-Pose are about 61
mm, 17mm, and 73mm, respectively. Therefore, the test-set
of AGORA and SKI-Pose are highly OOD for PT HybrIK.
We show the results of SPIN and HybrIK after fine-tuning
with PoseGen in the last part of Tables 1-3. PoseGen rela-
tively improves HybrIK for about 4% and 5% in terms of
MPJPE on AGORA and 3DPW, respectively. The improve-
ments of SPIN are 15% and 7% on AGORA and 3DPW,
respectively.

Table 4 shows the results of our method on the 3DHP
dataset. Since 3DHP has been used for pre-training of Hy-
brIK and SPIN, we consider that as an IND dataset. PoseGen
improves SPIN and HybrIK for about 3% in terms of
MPJPE. Therefore, our method is also effective in improv-
ing the baseline pose estimators on IND datasets. Although
the 3DHP dataset has already been used during pre-training,
the test set of 3DHP is challenging and involves novel poses.
Therefore, pre-trained HybrIK obtains an MPJPE of 99.3
mm on 3DHP while it obtains an MPJPE of 88.7 mm on
the 3DPW dataset.

Table 3 shows the results on the SKI-Pose dataset. The
definition of joints (e.g. hip and shoulders) and bone lengths
of ground truth 3D poses of the SKI dataset are a little bit
different from SMPL joint definitions. Moreover, most of
the poses of SKI-Pose contain athletes bent toward the side
and from novel viewpoints. Therefore, the errors reported
on SKI-pose are greater compared with other datasets. How-
ever, PoseGen still improves HybrIK and SPIN on the SKI-
Pose dataset. Comparing all four benchmarks, our method is
effective in improving baseline models.

Qualitative Results

Figure 3 shows some samples of generated data by PoseGen
and their 3D poses. Images are from novel camera view-
points that are not present in the datasets used for pre-
training of the pose estimators. Most of the public datasets
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Method FT | MPIPE] NMIE]
SPIN (Kolotouros et al. 2019) | v 153.4 199.2
BEV(Sun et al. 2022) v 105.3 113.2
CLIFF (Li et al. 2022) v 81.0 89.0
HybrIK (Li et al. 2021) v 77.0 84.6
SPIN(Kolotouros et al. 2019) 175.1 223.1
EFT (Joo et al. 2021) 1654 203.6
VIBE(Kocabas et al. 2020) 146.2 174.0
HybrIK(Li et al. 2021) 137.9 166.1
Ours+SPIN 158.9(-16.2) 189.2(-34)
Ours+HybrIK 132.7(-52) 159.9(-6.2)

Table 1: Results on AGORA dataset. Models that are trained
on the training set of AGORA are shown with a checkmark.

Method FT | PA-MPIJPE| MPIJPE|
EFT (Joo et al. 2021) v 55.7 -
VIBE (Kocabas et al. 2020) v 51.9 82.9
HybrIK (Li et al. 2021) v 41.8 71.3
CLIFF (Li et al. 2022) v 43.0 69.3
(Li and Pun 2023) 76.8 -
SPIN(Kolotouros et al. 2019) 59.2 96.9
PoseAug (Gong et al. 2021) 58.5 94.1
VIBE (Kocabas et al. 2020) 56.5 93.5
(Choi et al. 2022) 51.5 93.5
HybrIK (Li et al. 2021) 49.3 88.7
Ours+SPIN 56.2(-3.0) 89.7(-7.2)
Ours+HybrIK 48.3¢-1.00  84.4(-4.3)

Table 2: Results on 3DPW dataset. Models that are trained
on the training set of 3DPW are shown with a checkmark.

Method FT | PA-MPJPE| MPJPE|
(Rhodin et al. 2018) v - 85
(Wandt et al. 2021)%** v 89.6 128.1
SPIN(Kolotouros et al. 2019) | v 57.2 94.3
SPIN(Kolotouros et al. 2019) 135.5 288.9
HybrIK (Li et al. 2021) 125.5 205.2
Ours+SPIN 130.6(-5)  250.9(-33)
Ours+HybrIK 124.5(-1) 204.2(-1)

Table 3: Results on SKI-Pose dataset. * Trained using multi-
view cameras. ** Trained using multi-view cameras and par-
tial 3D annotations.

Method FT| PCKt  MPJPE|
HMR (Kanazawa et al. 2018) | v 72.9 124.2
SPIN(Kolotouros et al. 2019) | v 76.4 105.2
HybrIK (Li et al. 2021) v 80.0 99.3
Ours+SPIN v | 80.9(+4.5) 101.7(-3.5)
Ours+HybrIK v | 85.0(+1.0) 96.7(-2.6)

Table 4: Results on 3DHP dataset. All models use the 3DHP
dataset for training.

¢ K FB | PA-MPJPE MPJPE
Baseline 59.2 96.9
Al v 57.1 95.8
A2 v 56.2 92.7
A3 v v Y 55.8 91.3

Table 5: Ablation study on the main components of
PoseGen.
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PA-MPJPE MPIJPE
55.9 92.6
56.0 91.8

Scenario 1
Scenario 2

Table 6: Ablation study on scenarios 1 and 2.

Distribution | PA-MPJPE MPJPE
Uniform (UA) 55.9 91.9
Spherical (S) 56.2 924
Normal (N) 55.8 91.3

Table 7: Ablation study on prior distributions.

Train Dataset (H36M)

PoseGen Test Dataset (3DPW)

Figure 4: The distribution of camera viewpoint of the train
dataset (H3.6M), the test dataset (3DPW), and the synthetic
data generated by PoseGen.

only have chest-view cameras. Our generated data finds fail-
ure modes on top-view and bottom-view cameras and has
generated such samples. Among the 4 benchmarks, the test
set of AGORA is the only benchmark that covers top-view
cameras. Comparing 3D poses and rendered images shows
that rendered images follow the input 3D poses. Figure 4
shows the distribution of camera viewpoints in the training
dataset (H3.6M), test dataset (3DPW), and synthetic data
generated by our method. Our framework generates samples
from unseen viewpoints, thus covering OOD viewpoints.
Figure 5 shows the predictions of SPIN and PoseGen+SPIN
vs. ground truth 3D poses on images from SKI-Pose and
3DPW. The top row shows that PoseGen improves SPIN in
terms of the global orientation. Moreover, the joint angles on
novel poses of athletes in the ski resort are better predicted.

Ablation Studies

Components of PoseGen. Table 5 shows the results of
PoseGen after excluding the main components of the frame-
work. In A] we only generate novel poses and render poses
which improved the baseline for 1.1 mm (MPJPE). In A2 we
generate both novel poses and camera-viewpoint that further
improves Al for 3 mm. Adding feedback in A3 improves A2
for Imm. The ablation study shows that all components are
critical in improving the baseline models. Moreover, gener-
ating data from novel camera viewpoints has a major impact
on improving the robustness of pre-trained models. This is
well-aligned with the findings of prior work that generate
2D-3D pose pairs (Gholami et al. 2022b).

Scenarios. Table 6 compares the results of scenario 1
and scenario 2 on 3DPW. In scenario 2 and scenario 1 we
obtained an MPJPE of 91.8 and 92.6, respectively. These
results show that generating OOD samples in scenario 2
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= SPIN

= Ground Truth = SPIN+PoseGen

Figure 5: Predictions of SPIN and PoseGen(+SPIN) on in-
the-wild images from SKI-Pose and 3DPW. On the chal-
lenging SKI-Pose dataset, PoseGen improves the predictions
in the z-direction (depth) and global rotation of the human
body.

makes the pre-trained model more robust on unseen OOD
samples.

Prior Distributions. Table 7 shows the ablation study
on different prior distributions. Previous work has shown
that uniform and spherical distributions are more effective
in learning a general prior for the human pose. Our exper-
iments show that normal distribution is a better choice for
our framework. Generating data with normal, uniform, and
spherical distribution results in MPJPE of 91.3, 91.9, and
92.4, respectively on the 3DPW dataset. We hypothesize that
our method is aimed at finding the failure modes of the pre-
trained model. In contrast to prior works that try to find a
smooth uniform prior, failure modes are usually discontin-
uous. Therefore, having a uniform distribution (/ and S) is
not a proper prior for PoseGen.

Dataset Size. We increased the number of generated sam-
ples from 1K to 9k, and our experiments showed in Figure 6
that we could obtain the best performance with only 6K sam-
ples. PoseGen improves the performance of SPIN from 59.2
mm to 55.8 mm in terms of PA-MPJPE with only 6K sam-
ples. AGORA (Patel et al. 2021) improves the performance
of SPIN on the 3DPW dataset to 55.8 mm by generating
a dataset of 14K images (each including multiple subjects)
with more than 350 subjects. Therefore, our method is more

1911

|
94‘
|
|

0 2000 4000 6000 8000 0
Sample of Data

2000 4000 6000 8000
Sample of Data

Figure 6: Performance improvement while increasing the
number of generated samples.

Figure 7: Failure models of PoseGen. A-NeRF is not per-
fect in rendering images from the novel viewpoint and novel
poses.

efficient compared with competitors.

Limitations

The NeRF model used in this study has some limitations in
rendering complex poses. Figure 7 shows some failure cases
in rendering images from novel poses. The A-NeRF model
is only capable of rendering images for a single subject. In
order to render images for different subjects, we need to use
separate NeRF checkpoints trained on that specific subject
data. Future work should extend the experiments by generat-
ing a dataset that includes different subjects. We expect that
having more subjects in the framework will further improve
the performance.

Conclusion

In this work, we proposed an end-to-end framework for gen-
erating a 3D human pose dataset using NeRF. Our experi-
ments showed that NeRFs are capable of generating datasets
to improve the robustness of the pre-trained model. NeRFs
can be trained on use-specific images and therefore the pro-
posed framework can be used in future work to generate
user-specific datasets. We performed experiments on two
scenarios where we generated data 1) to minimize, and 2) to
maximize the loss of a pre-trained model. We showed that
the second scenario results in better performances. More-
over, we performed experiments on the prior distributions
and showed that uniform and spherical prior distributions
are not appropriate for the specific objective of this work.
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