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Figure 1. How robust are 3D human pose estimators to different attributes such as gender, age, or clothing? To measure this, STAGE
generates a base and an attribute image, where the difference is one specific control attribute—the pose is the same, and all other attributes
are kept similar. In contrast to real benchmarks, this allows us to isolate the effect of one attribute on the pose estimator’s performance. E.g.,
notice how changing the gender (row 1) or clothing (rows 2) can lead to significant pose estimation failures.

Abstract

For safety-critical applications, it is crucial to audit 3D
human pose estimators before deployment. Will the system
break down if the weather or the clothing changes? Is it
robust regarding gender and age? To answer these questions
and more, we need controlled studies with images that differ
in a single attribute, but real benchmarks cannot provide
such pairs. We thus present STAGE, a GenAI data toolkit
for auditing 3D human pose estimators. For STAGE, we
develop the first GenAI image creator with accurate 3D pose
control and propose a novel evaluation strategy to isolate
and quantify the effects of single factors such as gender,
ethnicity, age, clothing, location, and weather. Enabled by
STAGE, we generate a series of benchmarks to audit, for the
first time, the sensitivity of popular pose estimators towards
such factors. Our results show that natural variations can
severely degrade pose estimator performance, raising doubts
about their readiness for open-world deployment. We aim to
highlight these robustness issues and establish STAGE as a
benchmark to quantify them.

1. Introduction

3D human pose estimation (HPE) is an important component
of safety-critical systems that operate among humans, such
as autonomous vehicles and collaborative robots. It is crucial
to ensure that models are robust towards elements naturally
occurring in the operational domain. Coarse-grained mea-
sures like average error over a test set are not sufficient, we
need targeted analysis regarding individual attributes such
as weather, location, gender, age, etc. The need for such
evaluations has also been recognized by legislators in the
recent EU AI Act [13] and the UL 4600 safety standard for
evaluation for autonomous products [70].

In most fields of science, controlled experiments are the
standard way to isolate the effects of one variable at a time.
To perform such experiments for robustness analysis in HPE,
one would need pairs of images that differ only by a single
attribute, but this is not available at present. Benchmarks
consisting of real images [29, 33, 51, 73] cannot provide
such control—it is infeasible to capture a sufficient variety of
people in the same exact pose while varying attributes. Such
benchmarks are also laborious to capture, and the attributes
of interest vary depending on application, requiring repeated
data acquisition.
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Synthetic benchmarks generated with computer graph-
ics (CG) [4, 6, 10, 56, 71, 77] enable precise control over
body pose, camera position, clothing, etc., but are time-
consuming and require an abundance of high-quality 3D as-
sets to achieve photorealism and diversity. Clothing has to be
designed and simulated [6], and scenes have to be modeled
or captured. Effective use of modern graphics pipelines also
requires expertise that HPE practitioners may lack. Overall,
the current tools do not allow for a thorough auditing of HPE
models before their deployment in the open world.

With the recent rise of high-quality image generators, we
have the opportunity to synthesize the required image pairs,
precisely controlling attributes by simply conditioning on
text and pose. For this to be viable, the generated images
must be 1) sufficiently realistic and 2) coherent with the
specified 3D pose and text prompt. Existing conditional
image generators such as ControlNet (CN) [84] do not satisfy
such requirements. At best, recent methods allow control
over 2D pose [31, 53, 84], which is insufficient, as several
3D poses can project to the same 2D pose [66, 68]. Depth
map-conditioned models [84] are not suitable either—they
cannot produce complex backgrounds and complex clothing
when given human depth maps only.

Our first contribution is, therefore, an improved human
image generator with precise 3D pose control in the SMPL
format [47]. Our model synthesizes high-quality images that
are also consistent with the conditioning 3D pose, making it
suitable for evaluation. We experimentally show that a pre-
trained SOTA 3D pose estimator can infer the intended pose
from our generated images with similar accuracy as from
real images, validating pose coherence. To further verify
data quality, we also use the generated images for training.
Recent work has shown SOTA pose estimation results by
training purely on CG images [6], though this required many
hours of engineering work and computing resources. Re-
markably, we achieve the same performance with our fully
automatic GenAI toolkit, where diversity scales with simple
text prompts instead of novel asset design as with CG.

Our goal in this work is to enable the easy generation of
diverse benchmarks for controlled studies to audit 3D pose
estimators w.r.t. single attributes. We achieve this for the first
time with our proposed STAGE framework, which encom-
passes the aforementioned 3D-controllable generator and an
evaluation methodology with appropriate metrics and proto-
cols. STAGE allows the user to specify any target attributes
in text form, e.g. a clothing item such as “parka”. From this,
it generates two sets of synthetic images, one where people
wear parka coats and one where they do not, while keeping
the appearance of the images as close as possible in other
aspects, see Fig. 1. The performance difference between
these two synthetic sets indicates the sensitivity of the pose
estimator w.r.t. the attribute, which is then shown to the user.

STAGE can shed new light on aspects of SOTA model

performance that can not be evaluated in current benchmarks.
To demonstrate its usefulness, we use STAGE to thoroughly
audit popular SOTA HPE methods [6, 9, 22, 35, 37, 67, 83]
for attribute categories such as clothing, location, weather,
and protected attributes (gender, age, etc.), making several
interesting findings. For example, the best-performing meth-
ods, on average, are not always the most robust to attributes.
We will release our code and data for future research. In
summary, our contributions are:
• We propose STAGE, a customizable GenAI benchmark

generator, along with a systematic evaluation protocol that
allows, for the first time, to conduct controlled experiments
to audit 3D human pose estimators.

• Using STAGE, we audit popular pose estimators on their
sensitivity against attributes such as gender, age, clothing,
location, making findings that were not possible before.

• We build a text-to-image generative model that can create
images with coherent 3D pose. The quality is on par with
the best CG-rendered datasets while being significantly
simpler and cheaper to operate and scale.

2. Related work

3D human pose benchmarks. High-quality benchmarks
have been a major driving force of progress in HPE. Real-
image benchmarks [28, 29, 33, 51, 73] are the gold standard
but are expensive to capture at scale. They are either re-
stricted to a studio or have a limited number of subjects. High
variation of clothing, locations, gender, and ethnicity has not
been possible to achieve with real data. Therefore, graphics-
based synthetic benchmarks [4, 6, 10, 56, 71, 77] have risen
in popularity, allowing the generation of accurately anno-
tated data at scale. However, they require laborious asset
design (clothes, 3D environments) as well as expertise to op-
erate complex graphics, animation, and physics simulation
pipelines. Thus, even graphics-based benchmarks are limited
in terms of diverse factors that can impact performance.

GenAI for human images. Methods can be categorized
by whether they use 2D or 3D pose control. 2D-pose-
conditioned methods [8, 31, 40, 46, 53, 55, 82, 84] extend
StableDiffusion (SD) [61] with 2D keypoint control. They
exhibit good text control but do not allow precise control
of human pose in 3D. While ControlNet [84] can combine
multiple control signals (such as depth and 2D pose), the
resulting model achieves only limited 3D controllability, as
we show in Sec. 4.2. For 3D pose control methods, we can
broadly speak of GAN-based and score distillation–based
methods. GAN-based methods [5, 17, 23, 26, 34, 54, 78]
learn to generate 3D humans from 2D single-view image col-
lections. Through techniques such as inverse skinning, they
achieve excellent pose control. However, they generate peo-
ple without backgrounds and do not offer text control. Some
methods based on score distillation sampling [11, 38, 44, 57]
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Figure 2. Evaluating estimators with STAGE. Given base and attribute prompts along with a desired 3D pose condition, we generate a pair
of test images using our CN-3DPose image generator. We encode the pose as a depth map, a dense semantic encoding and a 2D skeleton
drawing. To preserve visual similarity between the images except for the target attribute, we use the same initial noise for both images. The
result is a test image pair that differs mostly by our attribute of interest, suitable for controlled experiments. We run the pose estimator to be
tested on both images and compare the prediction errors to measure its sensitivity towards the attribute.

or CLIP [25, 59, 80] offer text control. However, their image
quality is often insufficient, and generation can take hours.
Finally, while some prior works [21, 74, 76] have used hu-
man image generation to supplement HPE training data, we
are the first to leverage it for evaluating HPE robustness.
Auditing with GenAI. The utility of GenAI models for
benchmarking and auditing has been shown before for object
classification and detection [1, 2, 7, 18, 20, 41, 43, 48, 52,
58, 62, 72, 75]. Some methods search for a semantically
coherent subspace of images that cause prediction failure [7,
18, 20, 52, 75], while others create counterfactual images to
measure classifier robustness [1, 2, 48, 58, 72]. Unlike these
classification and detection works, we are targeting HPE,
a more fine-grained, high-dimensional regression problem
requiring a more elaborate approach.

3. Method
We propose STAGE, a synthetic data generation toolkit to
create custom benchmarks for auditing HPE methods. In
Sec. 3.1 we introduce the problem formulation and our evalu-
ation protocol. We describe our 3D pose-conditioned image
generator in Sec. 3.2 and finish with the benchmark genera-
tion in Sec. 3.3.

3.1. Problem formulation

A 3D pose estimator f : x 7→ ŝ maps an image of a person
x ∈ RH×W×3 to a skeleton consisting of J joint locations
ŝ ∈ RJ×3. Pose estimators are deployed in some operational
domain where image x and pose s follow a distribution
p(x, s). They are typically evaluated with a metric L(ŝ, s)
by the risk

R(f) = Ex,s[L(f(x), s)], (1)

where sampling from p(x, s) is approximated by iterating
through a captured and annotated dataset.

For a given pose estimator, STAGE aims to isolate the
effect of individual attributes such as clothing or location on
its results. Symbolically, we summarize such appearance de-
tails in a latent context z. Thus, for controlled experiments,
we need to sample from p(x, s|z) = p(x|s, z)p(s|z). We
assume that pose is independent of attributes, i.e., p(s|z) =
p(s). For the prior p(s) we use a large pose collection [50],
and approximate x ∼ p(x|s, z) with a diffusion model as
x = g(s, t,n), where t is a text prompt and n ∼ N (0, I) is
the initial noise for denoising. The model g is our proposed
CN-3DPose, described in Sec. 3.2. The context z is repre-
sented by t and n. We set the required attributes through text,
e.g., specifying “photo, a caucasian elderly male wearing a
shirt in the city at night.” The noise n encodes appearance
details not given in t, such as the precise background layout.

STAGE compares performance for two generated images
at a time, xbase = g(s, tbase,n) and xatt = g(s, tatt,n), where
the prompts differ only by the attribute of interest while
the initial noise is shared. Using pairs of synthetic images
reduces the estimation noise caused by imperfections in
generation and computing the risk over many pairs reduces
the estimation noise caused by random factors. The base
prompt tbase describes a scene and human appearance that is
well-represented in existing benchmarks, and should not be
challenging for the pose estimator. The images are fed to the
pose estimator to get ŝbase = f(xbase) and ŝatt = f(xatt).

To measure sensitivity, we need to identify cases where
the quality of ŝatt is degraded compared to ŝbase, i.e., if its
error is worse than the base case by more than a given thresh-
old τ . We count how often this happens in our proposed
Percentage of Degraded Poses metric PDP(f, tbase, tatt) =

1

N

N∑
i=1

[L(ŝatt, s) > L(ŝbase, s) + τ ]. (2)

Note that the PDP is nonnegative by construction. It aims to
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Figure 3. Images generated via STAGE. By simply varying the text prompt, STAGE can generate images of people with different body
shapes and appearances in different locations, while remaining well-aligned with the specified 3D pose. When only the person’s description
is changed, the background remains similar. This is important for our controlled experiments targeting single attributes.

count the especially high-risk instances where a pose esti-
mator performs well under a common benchmark scenario
but degrades when moving to the open world, indicating
non-robustness.

We consider it a problem if any joint is significantly dis-
placed, since this can change the pose semantics. Hence, for
L we use the Maximum Joint Error (MaxJE)—the highest
joint error of a predicted pose. For a ground-truth pose s,
and predicted pose ŝ (Procrustes-aligned [65]) with joints
si, ŝi ∈ R3 respectively, the maximum joint error is

L(ŝ, s) = MaxJE(ŝ, s) = max
1≤i≤J

∥ŝi − si∥. (3)

We employ Procrustes alignment to account for differ-
ences in camera angle and scale ambiguity between the pair
of images. To compute the PDP for a category, we average
the PDP for each attribute in the category. The overall PDP
score for a pose estimator is the mean across all categories.

3.2. 3D pose-conditioned image generation

In the previous section, we assume the image generator
g(s,n, t) models sampling from p(x|s, z) well. For this to
be true, two requirements need to be fulfilled. First, it must

provide accurate 3D pose alignment between the condition
and the generated images. Second, the effect of the condi-
tioning pose and text prompt has to be disentangled. That is,
the pose should not influence the shape or clothing.

We observed that existing image generators from Zhang
et al. [84] (CN) do not meet the desired requirements. This is
because the two suitable available models, CN-Pose and CN-
Depth, can only condition on a 2D pose or a depth map re-
spectively. Images sampled from CN-Pose suffer from poor
3D pose alignment since multiple 3D poses can project to
the same 2D pose. We also observe frequent swaps between
the left and right side of the body, e.g. generating back views
instead of front views. CN-Depth is conditioned on a depth
map, thus providing better 3D pose alignment. However,
CN-Depth was trained with full image depth maps, while
we only want to condition on the human and to rely on text
for our scene description. By parameterizing the desired 3D
pose using the SMPL body model θ ∈ SO(3)

24, the depth
map of only the human can be used in CN-Depth. However,
this leads to an oversampling of bland, flat backgrounds
and simple body-tight clothing. Even the combination of
CN-Pose and CN-Depth (which we denote as CN-Multi)



generates too simple backgrounds and clothing as shown in
Tab. 2, Fig. 6 and in the Supp. Mat. Next, we propose our
novel solution that overcomes these limitations of existing
human image generators.
CN-3DPose. Our method, CN-3DPose, is built on the pre-
trained CN-Depth using three key insights to effectively
leverage both 3D and 2D pose datasets. First, we fine-tune
on isolated SMPL-based body depth maps cd without back-
ground or clothing depth information. This forces the model
to rely on the text and pose control signals for creating di-
verse backgrounds and appearances while being coherent
with the 3D pose. Second, to avoid confusion between body
parts, we use dense semantic encoding cs, a rendering of
SMPL with each vertex RGB-colored according to its XYZ
coordinates in canonical pose, in addition to the skeleton
drawing ck. Third, to mitigate over-fitting to the 3D pose
dataset backgrounds and their limited variation in human
appearance and poses, we train using both 3D and more
diverse 2D pose datasets, as detailed in Sec. 4.1. For 2D-
annotated examples, we mask the 3D pose conditions (cd
and cs). The resulting model meets our requirements for
diversity and 3D pose alignment. Overall, it lets us sample
from p(x|s, z) ≈ p(x|t, cd, cs, ck,n). The key steps of our
method are depicted in Fig. 2.

3.3. Benchmark data generation

Attribute categories. To broadly evaluate the capabilities
of pose estimators in the open world, we choose several
groups of attributes, including clothing and location, as well
as protected attributes such as ethnicity, age, and gender to
uncover potential biases. We further consider adverse light-
ing and weather conditions, such as night, snow, or rain—an
issue well-recognized in the autonomous driving commu-
nity [14, 16, 49, 63], but not yet in the HPE community.
This leads to the prompt template “photo, {ethnicity} {age}
{gender} wearing {clothing} in {location} at {lighting con-
dition} {weather}”. For the base prompt, we describe a
common scene in existing benchmarks, with the intention
not to present an extra challenge to the pose estimator, such
as “photo, caucasian young male wearing a t-shirt in the city
center at daytime sunny day”. This template structure can
be adapted by the user depending on the target operational
domain of the pose estimator.
Variance reduction. To reduce variance in our evaluation,
the base and attribute images should be as similar as possible,
except for the change in the target attribute. We therefore al-
ways use the entire prompt template for generation, e.g., we
include the same time of day in the prompt even when testing
for clothing attributes—this avoids randomly sampling a day-
time base image and a nighttime attribute image. The noise
sharing scheme from Sec. 3.1 further reduces the variation
between base and attribute image and thus the evaluation
variance. The effect can be seen in Fig. 3.

Quality control. To ensure image quality and account for im-
perfections in the synthesis process, we filter out low-quality
generations. First, we ask the BLIP2 [39] visual question
answering (VQA) model about the presence of the target
attribute, following TIFA [27]. If the answer is negative, the
image is discarded. Second, we use the OpenPose [12] 2D
pose estimator to check for pose consistency. If OpenPose’s
prediction deviates by more than a threshold from the projec-
tion of the 3D pose condition, we discard the example. Since
we require paired base and attribute images, we discard the
whole pair if either of them is deemed low-quality.

4. Experiments

In this section, we first use STAGE to evaluate the sensitivity
of popular pose estimators towards a selection of attributes.
Then we compare our proposed CN-3DPose generator to
GenAI and CG baselines.

4.1. Examining sensitivity to various attributes

In the following, we apply STAGE to examine the sensitiv-
ity of pose estimators with respect to different open-world
attributes. Fig. 3 shows a sample of our generated images.
Notice how we can synthesize diverse images in a controlled
manner. We can keep the overall image appearance fixed
while changing one specific attribute at a time – an ideal
controlled scenario for evaluation that is unfeasible with
purely real data. We emphasize that users can choose their
own set of attributes for evaluation – code for generation and
evaluation will be made public.
Experimental setup. We initialize our CN-3DPose with
weights from CN-Depth [84] and train it on AGORA [56],
HUMBI [79, 81], SHHQ [19], COCO [45] and scan
datasets [3, 60, 69]. For evaluation, we pick the popu-
lar pose estimators SPIN [37], PARE [35], HMR 2.0 [22],
PyMAF-X [83], SMPLer-X [9], NLF [64], and BEDLAM-
CLIFF [6, 42]. Note that BEDLAM-CLIFF achieves state-
of-the-art performance by training only on the synthetic
AGORA and BEDLAM data [6, 56]. Here, we examine how
effectively this approach generalizes to the open world.

We use 1500 poses for generation. For experiments on
3DPW, we use farthest point sampling following [15] to ob-
tain diverse poses. With AMASS, we sample 750 male and
750 female labeled poses from the subset defined by [15].
The prompts used to create these datasets and further im-
plementation details are provided in the Supp. Mat. For
evaluation of sensitivity, we use the PDP metric defined in
Sec. 3.1 with τ = 50mm.
Summary. Overall, we observe a significant percentage
of degraded poses when testing for a specific attribute as
summarized in Tab. 1. The attributes that target the body
appearance directly (Clothing and Texture) have the most
significant effect and can lead to large prediction errors (see



Pose estimator
Base error (mm) ↓ Sensitivity to attributes (percentage of degraded poses, PDP) ↓

MPJPE PA-MPJPE Mean
Location
(outdoor)

Location
(indoor)

Weather Fairness Clothing Texture

SPIN [37] 122.50 90.27 20.70 15.79 19.65 17.43 12.93 29.13 29.26
PARE [35] 118.81 88.98 15.27 13.34 15.84 12.97 9.36 21.66 18.43
PyMAF-X [83] 115.81 84.03 10.24 9.83 12.49 8.51 5.40 14.61 10.60
BEDLAM-CLIFF [6] 113.14 84.22 18.65 17.30 20.77 15.47 15.61 23.36 19.42
SMPLer-X-B32 [9] 107.00 80.40 13.57 13.30 17.24 12.57 7.81 17.38 13.13
SMPLer-X-H32 [9] 104.79 76.00 12.67 14.35 18.55 10.54 6.75 15.11 10.74
HMR 2.0 [22] 102.40 75.21 10.19 9.31 12.41 7.57 5.34 15.76 10.75
NLF-S [64] 94.04 69.91 18.21 17.35 20.15 15.86 13.86 22.94 19.08
NLF-L [64] 92.00 67.96 18.47 17.86 20.78 17.30 13.47 22.62 18.79

Table 1. Evaluating sensitivity of various pose estimators with STAGE. We evaluate the percentage of degraded poses (right) and contrast
it against the general performance on the base set (left). We find that appearance attributes such as clothing and texture are the most impactful.
In addition, pose estimators are more sensitive to indoor locations compared to outdoor locations. Best performance is highlighted in bold.
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Figure 4. State-of-the-art estimators can break with a simple attribute change. For every image pair, we show the predictions of the pose
estimator named on the left of the pair. The base prompt is “Caucasian adult {male/female} wearing a shirt in the city during daytime.”

Fig. 4). Full results are available in the Supp. Mat.

Diverse training data reduces sensitivity. A natural ques-
tion is how training data and model size affect the sensitivity
of the HPE methods. Our results indicate that a combination
of large-scale data with a large model size is crucial for ro-
bustness. This can be observed on the SMPLer-X variants
with different-sized ViT [36] backbones. While they were
trained on the same data, only large models use the data
effectively, leading to a reduction of PDP across attributes.
This is most pronounced for attributes of fairness, clothing,
and clothing texture attributes, i.e., attributes that affect the
appearance of the person. HMR 2.0 is a piece of further
evidence for that, as it was trained on a large-scale dataset
with a ViT-H backbone. Conversely, SPIN and PARE were
trained with the least amount of data and are the most sen-
sitive estimators (largest PDP). However, diversity alone is
not enough. BEDLAM-CLIFF (SOTA on real benchmarks)
was trained on purely synthetic data, designed to be highly
diverse, but is very sensitive to attribute changes across the
board. This further evidences that our STAGE method sheds

new light on the performance of SOTA methods in the open
world, which can not be measured in existing benchmarks.

Architectural choices matter. While large-scale datasets
lead to lower PDP, the performance of PyMAF-X indicates
that smart architectural choices can be an efficient way
to achieve robustness as well. PyMAF-X was trained on
roughly the same data as PARE but is less sensitive to at-
tribute changes. We attribute this to the iterative feedback
loop to align the prediction to the input image in PyMAF-X.
While the general performance is only about 3 mm better
than PARE, it results in a significantly more robust method,
which was impossible to verify before STAGE.

Location and weather. It is commonly accepted in the HPE
community that outdoor scenes are more challenging than
indoor scenes [30]. However, our results show that SOTA
methods degrade more when the attribute is indoor; see
Tab. 1. We reckon that indoor benchmarks are typically cap-
tured in lab settings with very simple backgrounds, whereas
our generated images have more realistic backgrounds, in-
cluding potential clutter and occlusions. This hints that
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Figure 5. Pose estimators are sensitive to individual attribute
changes. For example, clothing texture can have a large impact on
performance of pose estimators such as PARE.

indoor HPE in the open world is not necessarily easier than
outdoors. Perhaps unsurprisingly, bad weather conditions,
in particular snow, result in the most degradation of poses.
Clothing significantly affects pose estimation. While intu-
itive, for the first time, we empirically verify that clothing
strongly affects HPE performance. Fig. 5 shows the sensi-
tivity to clothing items and different texture patterns. We
observe that large body covering items such as coats and
long jackets are most impactful, leading to a degradation
of up to 30% of the predictions and over 15% across all
estimators. In addition, a simple change such as the pattern
of a shirt can lead to up to 20% of degraded predictions.
Fairness. Fig. 5 also shows the sensitivity to protected at-
tributes – attributes that should not be used to make decisions.
Overall, current pose estimators are less sensitive towards
protected attributes (such as ethnicity) compared to clothing
and location. This might be due to the fact that these at-
tributes usually only affect a small part of the body, making
them less important overall. We note, however, that gender
does seem to affect predictions more (see also Fig. 4) than
other attributes – which indicates that to make these meth-
ods fair, more work is needed. One can also observe that
BEDLAM-CLIFF is quite sensitive to every attribute despite
being designed to cover a range of skin tones. This indicates
that CG-generated data might not be sufficient to achieve
good open-world performance.

4.2. Comparison against GenAI and CG baselines

GenAI models. We first compare our CN-3DPose to the
GenAI baselines CN-Pose and CN-Multi from Sec. 3.2 re-
garding pose coherence and image diversity. We use each

Image generator
Pose gap ↓

FID↓ 3D pose
Diversity

w/ backgr. w/o backgr. coherence

CN-Pose 32.83 26.49 58.8 ✗ ✗

CN-Multi 9.19 8.10 60.8 ✓ ✗

CN-3DPose (ours) 13.11 9.65 39.7 ✓ ✓

Table 2. GenAI Baselines. Our CN-3DPose generates more realis-
tic images (FID) with comparable 3D pose alignment (pose gap is
the difference in PA-MPJPE between real and generated images).
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Figure 6. Our method CN-3DPose generates images that are
both diverse and pose-aligned. In contrast, CN-Pose consistently
generates the feet in the wrong depth order and CN-Multi generates
flat backgrounds and limited clothing variation.

of these image generators to construct a synthetic replica of
the 3DPW benchmark [73], which covers diverse real-world
scenes such as parks, city centers, and restaurants. We aim
for a similar attribute distribution, e.g., same clothing, gen-
der, and location. This way, the dominant distribution shift
comes from the model used to generate the images. We com-
pare: 1) visual quality and diversity through the FID [24]
score and 2) pose coherence, by running a SOTA pose estima-
tor [67] on all images and computing the difference between
PA-MPJPE achieved on generated images vs. on real data,
which we refer to as pose gap. This measures whether the
pose in the generated image is recognizable to the estimator
to a similar degree as in real images. To extract attributes
from a real 3DPW image, we use a VQA model [39]. See
Supp. Mat. for details.

We present the results in Tab. 2. Our CN-3DPose is sig-
nificantly better than CN-Pose in pose coherence, yielding
a pose gap of 13.11 mm vs. 32.83. This reinforces our ob-
servation that 3D consistency requires 3D conditioning. For
example, as seen in Fig. 6, CN-Pose suffers from swaps
in the depth order of the feet. While CN-Multi generates
images with good 3D consistency, it is biased towards flat
backgrounds and body-tight clothing (see Fig. 6 and Supp.
Mat.), leading to a worse FID score compared to our method



Method
Training data 3DPW-test EMDB-test
CG STAGE MPJPE PA-MPJPE MPJPE PA-MPJPE

PARE
✓ 76.24 49.07 98.55 60.11

✓ 75.37 48.52 97.32 61.76
✓ ✓ 72.93 46.84 92.71 57.65

HMR
✓ 75.07 48.08 96.61 59.08

✓ 76.23 48.72 96.66 62.62
✓ ✓ 72.75 46.80 91.56 58.02

Table 3. Training on STAGE data rivals training on time-
consuming CG-data designed by human experts.

(60.8 vs. 39.7). Note that computing the pose gap on full
images favors generators that produce simple images, mak-
ing the pose estimator’s task easier. Hence, a lower pose gap
does not always imply better images. We therefore also com-
pute the pose gap using just the foreground. Although the
pose gap of the simpler images of CN-Multi barely changed
(9.19 ⇒ 8.10), simplifying the backgrounds of CN-3DPose
significantly decreases the pose gap (13.11 ⇒ 9.65). We
hypothesize that this bias in the metric explains CN-Multi’s
slight advantage in pose gap—the estimator is not robust
to the complex clothing of our CN-3DPose. We therefore
conclude CN-3DPose is the best choice to generate images
for controlled auditing of 3D HPE methods.

STAGE vs. BEDLAM. In order to compare against CG
baselines in this setting, we would need to create a simulated
replica of the 3DPW dataset. The cost of skilled labor to cre-
ate such high-quality CG renderings is too high to be feasible.
We thus propose to compare the data quality by evaluating
the generalization performance of pose estimators trained
on it. For a CG baseline, we chose the high-quality BED-
LAM [6] dataset. BEDLAM enables methods to achieve
SOTA performance on real-world benchmarks by using hun-
dreds of assets and scenes laboriously crafted by artists to
mimic real life. To show that the STAGE data can enable
similar performance, without laborious manual effort, we use
the body poses of BEDLAM while relying on CN-3DPose
for diversity and realism. We train HMR [32] and PARE [35]
on BEDLAM’s CG images, on STAGE, and a combination
of both. We then evaluate on the common 3DPW [73] and
the recent EMDB [33] benchmarks using MPJPE and PA-
MPJPE. Further details on training configuration are in Supp.
Mat.

The results are presented in Tab. 3. Overall, models
trained on STAGE data can match the performance of models
trained using BEDLAM. This shows that our data quality is
good enough to achieve the state of the art while our text-to-
image model is significantly cheaper and easier to scale than
traditional CG pipelines for scene and asset creation. Finally,
training on the combination of STAGE and BEDLAM results
in improved performance across all models. This indicates
that the GenAI data complements the CG data providing
extra diversity, while CG data gives extra precision over
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Figure 7. Comparison of STAGE and BEDLAM. STAGE images
depict more realistic clothing and locations. Note especially the
physically plausible wind effects and the complex scene composi-
tion; both of which would be costly to create in a simulation.

image and body pose alignment.

5. Conclusion
3D HPE has been an active research area for over 30 years
and has seen a lot of progress in terms of generalization and
good benchmarks. However, are these methods robust to
attributes such as clothing, weather, or gender? For the first
time, we can answer these questions empirically, shedding
new light on HPE methods with STAGE, a toolkit to generate
custom benchmarks for 3D HPE at low cost. We build upon
text-to-image models and adapt their capabilities to generate
diverse, realistic images with 3D human pose and attribute
control. With this model, we create synthetic benchmarks
and audit current SOTA pose estimators against attributes
such as clothing, texture, location, weather, and fairness. We
make several interesting findings with our method: most es-
timators are sensitive to clothing (intuitive but never verified
empirically) and texture. To a lesser degree, most methods
are also affected by certain protected attributes such as eth-
nicity, gender, or age. Overall, the methods are sensitive
to multiple naturally occurring attributes; this is concerning
and requires further investigation to make HPE methods fair
and safe. We will release code and data to allow researchers
and practitioners to evaluate their 3D HPE methods against
their desired attributes.
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