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Abstract

Although data-driven methods have achieved success
in 3D human pose estimation, they often suffer from do-
main gaps and exhibit limited generalization. In contrast,
optimization-based methods excel in fine-tuning for specific
cases but are generally inferior to data-driven methods in
overall performance. We observe that previous optimization-
based methods commonly rely on projection constraint,
which only ensures alignment in 2D space, potentially lead-
ing to the overfitting problem. To address this, we propose an
Uncertainty-Aware testing-time Optimization (UAO) frame-
work, which keeps the prior information of pre-trained model
and alleviates the overfitting problem using the uncertainty
of joints. Specifically, during the training phase, we design
an effective 2D-to-3D network for estimating the correspond-
ing 3D pose while quantifying the uncertainty of each 3D
Jjoint. For optimization during testing, the proposed optimiza-
tion framework freezes the pre-trained model and optimizes
only a latent state. Projection loss is then employed to en-
sure the generated poses are well aligned in 2D space for
high-quality optimization. Furthermore, we utilize the un-
certainty of each joint to determine how much each joint is
allowed for optimization. The effectiveness and superiority
of the proposed framework are validated through extensive
experiments on two challenging datasets: Human3.6M and
MPI-INF-3DHP. Notably, our approach outperforms the pre-
vious best result by a large margin of 4.5% on Human3.6M.
Our source code will be open-sourced.

1. Introduction

Monocular 3D human pose estimation aims to estimate 3D
body joints from a single image. This task plays an important
role in various applications, such as computer animation [36],
human-computer interaction [29], and action recognition
[19], but, due to the depth ambiguity, it is still a challenging
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Figure 1. Schematic diagram of the iterative optimization process
for human pose estimation. The red pose represents the ground
truth, and the blue pose represents our predicted result. The inten-
sity of color corresponds to the number of iterations, with darker
colors indicating more iterations. In (a), poses generated by pro-
jection constraints are presented. We observe that the projection
constraint alone can sometimes mislead the optimization direction,
resulting in the optimized 3D pose far from the ground truth (the
red pose). In (b), the introduce of uncertainty constraint effectively
alleviates this problem.

task that has drawn extensive attention in recent years.

With the development of deep learning, data-driven meth-
ods [2, 18, 21, 42, 47] outperform traditional methods and
have dominated the field of 3D human pose estimation. Dur-
ing the training process, these methods implicitly acquire
knowledge of camera intrinsic parameters and 3D human
pose distributions within specific domains. However, these
data-driven methods struggle with cross-domain generaliza-
tion and in-the-wild scenarios [5, 7].

Historically, traditional solutions usually formulate the
3D human pose estimation task as a pure optimization-based
problem [24, 26, 33]. Recently, some human mesh recovery
methods [8, 12, 14, 15] also adopted optimization strategies
to optimize network parameters based on certain constraints.
Optimization-based methods offer two significant benefits.
First, they prevent the model from generating unrealistic



or out-of-distribution poses, which ultimately boosts the
model’s robustness. Second, optimization-based approaches
offer the flexibility of adaptive adjustments tailored for spe-
cific samples, thereby enhancing the model’s generalization
capabilities. While optimization-based methods can alleviate
domain gaps by estimating 3D poses on a case-by-case basis,
their current performance is inferior to data-driven methods.
We observe that the previous optimization-based methods
[12, 15, 41] typically rely only on the projection constraint.
However, due to the inherent depth ambiguity [18], sev-
eral potential 3D poses could be projected to the same 2D
pose. While alignment in 2D space is assured, this imper-
fect constraint may lead to overfitting during optimization.
Additionally, previous optimization-based methods typically
employ pre-trained networks to obtain a good initialization,
subsequently optimizing the network parameters. Neverthe-
less, this approach involves a vast number of parameters
to be optimized, which may disrupt the prior information
embedded in the pre-trained network.

To solve the above problems, we propose an
Uncertainty-Aware testing-time Optimization (UAQO)
framework for 3D human pose estimation. This optimiza-
tion framework retains the prior knowledge embedded in
the pre-trained model and alleviates the overfitting problem
using uncertainty of joints. Specifically, we design an ef-
fective network for 2D-to-3D pose lifting, and employ a
separate decoder to obtain the uncertainty associated with
each joint. In this way, our network can simultaneously gen-
erates the 3D results and the uncertainty of each joint based
on input 2D pose during the training phase. For the testing-
time optimization, our target is to make the optimized poses
more reliable. Different from previous optimization-based
methods that optimize network parameters, the designed
optimization strategy freezes the network parameters and
optimizes a latent state. This design has two benefits: a) fix-
ing the network parameters can keep the learned pose prior
during the optimization process; b) setting the optimization
target as a hidden state instead of the network parameter
only requires the storage of a small number of parameters,
making it more suitable for online inference scenarios. Fur-
thermore, our optimization process incorporates a set of
well-designed constraints to guide the optimization direc-
tion. For 2D pose alignment, we adopt the camera intrinsic
parameters to project the generated 3D pose to 2D space
and then minimize the projection loss. Since we do not
know the depth information or ground truth, it is hard to get
the 3D alignment. We discover that projection constraints
may result in overfitting problems, causing the optimized
3D pose to deviate more from the ground truth. To allevi-
ate this, we propose uncertainty constraint that allows 3D
joint with higher uncertainty to have a larger degree of op-
timization, while keeping joint with smaller uncertainty in
its original position. As shown in Figure 1, relying solely on

projection constraint may inadvertently lead to an incorrect
optimization direction, producing worse results. This issue is
effectively mitigated when we further introduce uncertainty
constraints. With such a unique design, the optimization
process is prevented from generating physically implausible
poses, leading to more realistic and accurate results.

Our contributions can be summarized as follows:

* We propose a novel Uncertainty-Aware testing-time Op-
timization (UAO) framework for 3D human pose esti-
mation, which freezes the pre-trained model to maintain
the pose prior and utilize the uncertainty of joints to
alleviate the overfitting problem.

* We design an effective 2D-to-3D lifting network, which
can both 3D output while estimating the uncertainty of
each joint.

* For test time optimization, projection constraint is used
to ensure that the generated results are aligned in the 2D
pose. Furthermore, we design the uncertainty constraint
to determine the degree to which each joint can be
optimized, which alleviates the overfitting problem.

» Extensive experiments demonstrate the effectiveness
of the proposed UAO framework, and the potential
applicability for real-world scenarios.

2. Related Work

Existing single-view 3D human pose estimation methods fall
into two primary categories: a) direct estimation [20, 22, 28]:
infer a 3D human pose from 2D images without the need
for intermediate 2D pose representation, b) 2D-to-3D lifting
[2, 23, 39, 43]: infer a 3D human pose from an interme-
diately estimated 2D pose. Benefiting from the success of
2D pose detectors [3, 27], the 2D-to-3D lifting approaches
generally outperform the direct estimation approaches in
both efficiency and effectiveness, becoming the mainstream
approach. In this work, our approach follows the 2D-to-
3D lifting pipeline, which can be further categorized into
data-driven and optimization-based methods.

Data-driven methods. Data-driven approaches involve
training a deep neural network to directly regress 3D hu-
man poses from provided 2D poses. Early attempts simply
use fully-connected networks (FCNs) to lift the 2D keypoint
to 3D space [21]. Since the human skeleton can be naturally
represented as a graph, various graph convolutional networks
(GCNs) based methods [2, 9, 35, 44, 47] have been proposed.
Recently, transformer-based methods [17, 18, 42, 46] have
been widely applied to 3D human pose estimation, achieving
new breakthroughs. Although these methods can effectively
learn pose patterns from datasets, they often exhibit poor
generalization ability when faced with unseen data.
Optimization-based methods. During the early stages,
researchers employed pure optimization-based methods
[24, 26, 33] for 3D human pose estimation. In the era
of deep learning, there are also some methods that inte-
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Figure 2. Structure of the GUMLP model. Initially, the 2D input is first transformed into high-dimensional features through skeleton
embedding. Subsequently, the GCN layer captures the graph information from the high-dimensional features. Then the Channel UMLP and
Spatial UMLP are utilized to capture the multi-level and multi-scale information of the skeleton. Finally, two decoders are employed to
predict the mean pose p and the uncertainty value s of the corresponding 3D pose distribution. The model is trained using uncertainty loss,

which is calculated based on p and s.

grate optimization strategies. We categorize the existing
optimization-based methods into two classes. 1) The first
class incorporates a regression-based network with optimiza-
tion strategies, training the entire structure end-to-end, such
as SPIN [15] and PyMAF [40]. 2) The second class follows a
post-optimization manner, which is more similar to us, using
a pre-trained network to obtain a good initialization, includ-
ing ISO [41], BOA [8], and EFT [12]. However, all these
previous post-optimization methods typically optimize the
network parameters based on specific constraints, which may
disrupt the deep prior knowledge obtained from datasets. As
a comparison, we set the optimization variable as the latent
state, and keep the model parameters frozen during the itera-
tive optimization process. Besides, pose-related constraints
are imperative to ensure the appropriate optimization direc-
tion. Previous optimization-based methods simply rely on
the projection constraint [12, 15, 41]. But due to the depth
ambiguity, this imperfect constraint may lead to the wrong
optimization direction when over-optimized. To alleviate
this problem, we further utilize the uncertainty constraint to
ensure that the generated pose lies within the manifold of
3D poses.

3. Uncertainty Estimation

For 2D-to-3D lifting, data-driven methods regress the 3D hu-
man pose J3P € RE*3 from given 2D pose J?P € RE*2,
where K is the number of skeleton joints. They typically
train the model to learn the transformational relationship
between 2D pose J*P and ground truth 3D pose J3 by
minimizing:

Lop = ||33P — £(3%P)]lo, (1)

where f denotes the 2D-to-3D lifting network for 3D human
pose estimation. Although this loss function allows the pre-
trained model to implicitly encodes inherent patterns for

2D-to-3D lifting and acquire distribution features from the
training set, it can not be aware of the uncertainty of each
estimated joint. In order to enable the model to predict the
uncertainty of each predicted joint, we reformulate the 2D-
to-3D network as a Bayesian Neural Network (BNN) [13],
which estimates a Gaussian distribution of the target rather
than only predicting the absolute coordinates of points.

Specifically, for the k-th joint of the i-th person, we let
the network predict the expected position y; 5, € R3 and
a simplified scalar covariance o; ;, from the input 2D pose
J2P_ By maximizing the likelihood of the training pairs, the
loss function to train the BNN over the ¢-th person can be
formulated as:

Ltrain _ L i HJIS,Q _p’i,kHZ + lna_z
‘ 2K o7, ik

2)

‘ 2

K
1
= oK Z (HJ?,Q — ik |I“ exp(—s;.x) + Si,k) ,
k

where we substitute In 0127  With s; ;. for numerical stability
during the training process.

To achieve this, we propose GUMLP, primarily consisting
of two parts: a GCN layer and a parallel U-shaped multi-
layer perception (UMLP) module, as shown in Figure 2.
In contrast to the conventional data-driven model [21, 47],
which typically employs only one decoder to make direct
predictions, we utilize two distinct decoders to predict p
and s, respectively. The GCN layer focuses on local joint
relations and introduces the topological priors of the human
skeleton. For the second component, the UMLP module has
a bottleneck structure [2, 25] instead of the original MLP
in the transformer [32]. The input of the UMLP module
X is first processed by a down-projection layer, followed
by a middle layer that maintains the same dimension, and
ultimately, is fed into an up-projection layer. The simplified
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Figure 3. Structure of the UAO framework. During the testing-time
optimization, the parameters of the pre-trained model (GUMLP)
are freezed. The variable being optimized is the latent state z,
which is initialized with the original 2D pose input J?”. We use
the pre-trained GUMLP to obtain the mean pose g and uncertainty
value s of the corresponding 3D pose distribution. The predicted
mean pose is projected back to 2D space and compared with the
input pose J2 to calculate the projection loss. The uncertainty
loss is then calculated using g and s. Under the constraints of
projection and uncertainty, the latent state z is optimized during the
iterations.

formulation can be defined as:

Xdown == MLPdoum. (LN(X)),
Xmid = MLPmid(Xdown) + Xdown; (3)
Xup = MLPup(szd) + X,

where MLP(+) consists of a linear layer and a GELU acti-
vation [10], LN denotes the Layer Normalization [1]. Here
we adopt the parallel UMLP modules along both channel
and spatial dimensions to capture multi-scale and multi-level
features.

4. Testing-Time Optimization
4.1. Optimization Strategy

The proposed Uncertainty-Aware testing-time Optimization
(UAO) framework is illustrated in Figure 3. It is essential to
highlight that we only optimize the latent state z € R**? ini-
tialized by 2D input J2P. The parameters of the pre-trained
model are fixed throughout the inference, which ensures the
learned implicit prior from the training dataset not disrupted.
Besides, we incorporate constraints into the optimization

Algorithm 1 Optimization Strategy

Input: 2D pose J ?D , pre-trained model f* with fixed pa-
rameters, projection matrix P, optimization steps 7'
Output: 3D pose J3"
1: Initialization: z; = J?D, iter =0
2 iy = fa(I3P),8; = f2(I3P)
3: while iter < T do
L A
s LY = 3PP - 320

ST
o LY =y - 3P| /2 exn())
7. L =Mp LE Ay - LY

z; < Adam(z;, VL )
: iter = iter + 1
10: end while
1: J3P = Ju(z))
12: return J;’D

process. Specifically, projection constraint is applied to guar-
antee alignment of the optimized 3D pose in 2D space, and
uncertainty constraint is introduced to determine the degree
to which each joint can be optimized. After several iterations,
the latent state z is refined progressively towards its optimal
state. Ultimately, by feeding the optimized z* into the pre-
trained network, we obtain a high-quality 3D pose. The
pseudo-code of the testing-time optimization is summarized
in Algorithm 1.

4.2. Projection Constraint

Projection constraint is commonly used in optimization-
based methods, such as SPIN [15] and EFT [12]. For a
given 3D pose J37, its 2D projection J>P should conform
to the principles of perspective projection [33], which can
be expressed as follow:

PP =77, (4)

where the projection matrix P € R3*2 contains the intrinsic
parameters of the camera. In real scenarios, the intrinsic
parameters of the camera can be obtained from camera spec-
ifications or can be inferred solely from the input images
[34]. During the testing-time optimization, the 2D projection
J2D = J3D . P of the predicted 3D pose J3 is expected
to closely align with the given 2D pose J>P. A large error
between them indicates that the estimated 3D pose J3p may
be problematic and needs to be corrected. The formulation
of projection constraint can be expressed as:

LE' = || 320 = P, 5)

The purpose of the projection constraint is to enforce
the relationship between the estimated 3D pose J3P and its



Table 1. Quantitative comparison with the state-of-the-art methods on Human3.6M under Protocol 1. Top-table: 2D pose detected by
cascaded pyramid network (CPN) [3] is used as input. Bottom-table: Ground truth 2D pose is used as input. The top two best results for
each action are highlighted in bold and underlined, respectively. § denotes the methods that use the same refinement module as [2, 47].

Method ‘ Dire. Disc. Eat Greet Phone Photo Pose Purch. Sit SitD. Smoke Wait WalkD. Walk WalkT. ‘ Avg
SimpleBaseline (ICCV’2017) [21] | 51.8 562 58.1 59.0 69.5 784 552 581 740 946 623  59.1 65.1 49.5 524 | 629
VideoPose3D (CVPR’2019) [23] 471 506 490 51.8 53.6 61.4 494 474 593 674 524 495 55.3 395 427 | 51.8
LCN (ICCV’2019) [4] 46.8 523 447 504 529 689 496 464 602 789 512 50.0 54.8 40.4 433 | 527
STGCN (ICCV’2019) [2] § 465 488 47.6 509 529 613 483 458 592 644 512 484 53.5 39.2 41.2 | 50.6
SRNet (ECCV’2020) [37] 445 482 47.1 418 512 56.8 50.1 456 599 664 52.1 45.3 54.2 39.1 40.3 | 499
GraphSH (CVPR’2021) [35] 452 499 475 509 549 66.1 485 463 597 715 514 486 53.9 39.9 44.1 51.9
MGCN (ICCV’2021) [47] § 454 492 457 494 504 582 479 460 575 63.0 49.7  46.6 522 38.9 408 | 494
GraFormer (CVPR’2022) [45] 452 508 480 500 549 65.0 482 471 602 700 51.6 487 54.1 39.7 43.1 51.8
UGRN (AAATI’2023) [16] 479 500 47.1 513 51.2 595 487 469 560 619 511 48.9 543 40.0 429 | 505
MLP-JCG (TMM’2023) [30] 438 46.7 469 489 503 60.1 457 439 56.0 737 489 482 50.9 39.9 41.5 | 49.7
GUMLP (Ours) 443 498 447 493 514 58.1 473 456 582 637 51.0 476 53.4 38.1 404 | 495
GUMLP + UAO (Ours) 423 477 428 478 487 558 458 424 552 60.9 48.6 459 50.2 36.0 382 | 472
Method | Dire. Disc. Eat Greet Phone Photo Pose Purch. Sit SitD. Smoke Wait WalkD. Walk WalkT. | Avg
SimpleBaseline (ICCV’2017) [21] | 37.7 444 403 42.1 482 549 444 421 546 580 45.1 46.4 47.6 364 404 | 455
STGCN (ICCV’2019) [2] 334 390 338 370 381 473 395 373 432 462 377 38.0 38.6 30.4 32.1 38.1
LCN (ICCV’2019) [4] 363 388 297 378 346 425 398 325 362 395 344 384 38.2 31.3 342 | 363
MGCN (ICCV’2021) [47] - - - - - - - - - - - - - - - 37.4
GraFormer (CVPR’2022) [45] 320 380 304 344 347 433 352 314 38.0 462 342 357 36.1 274 30.6 | 352
MLP-JCG (TMM’2023) [30] 29.1 360 304 338 355 465 353 312 392 488 339 352 358 26.9 294 | 35.1
GUMLP (Ours) 302 362 303 329 336 416 351 31.8 387 426 348  36.8 372 28.7 30.0 | 347
GUMLP + UAO (Ours) 295 345 275 311 318 384 340 296 355 387 329 350 349 28.1 29.2 | 327

corresponding 2D projection J2P 1o follow the geometric
principles of perspective projection, thereby improving the
accuracy of the pose estimation.

4.3. Uncertainty Constraint

Although the projection constraint can ensure the alignment
of the generated pose in 2D space, it often brings over-fitting
problems. This is due to the fact that multiple 3D poses might
correspond to the same 2D pose after projection, which is
an inherent challenge in the 3D human pose estimation task.
When we solely depend on the projection constraint for the
optimization process, we observe two phenomena: 1) some
joints that were well-estimated deviate away from the ground
truth; 2) some poorly estimated joints are initially close to
the ground truth but then move away from it. To alleviate
this, we introduce uncertainty constraint, which allows the
well-estimated joints to stay in their original positions and
mainly optimize the joints with high uncertainties.

During the testing process, for the j-th 2D input, the pre-
trained model allows us to acquire the initial 3D result i,
and uncertainty 8 associated with the k-th estimated 3D
joint. We can explicitly express the uncertainty constraint
as:

(6)

5. — £5(2)1 ]| exp(—8,0),

1 X

opt _
£U,j 9K Z
k=1

where f* denotes the pre-traind model, f,, denotes the pre-
dicted 3D result. This constraint enables joints with higher
uncertainty less constrained by the results of the initial esti-
mation, allowing more room for optimization. On the other

hand, the joint with lower uncertainty means that the network
is confident about the result, so limit it from further drifting.

S. Experiments
5.1. Datasets and Evaluation Metrics

Here, we provide a more detailed description of the datasets
and evaluation metrics.

Human3.6M is the most representative benchmark for 3D
human pose estimation. It contains 3.6 million video frames
captured from four synchronized cameras at SOHz in an
indoor environment. There are 11 professional actors per-
forming 17 actions, such as greeting, phoning, and sitting.
Following previous works [2, 23], we train our model on
five subjects (S1, S5, S6, S7, S8) and test it on two subjects
(S9 and S11). The performance is evaluated by two common
metrics: MPJPE (Mean Per-Joint Position Error), termed
Protocol 1, is the mean Euclidean distance between the pre-
dicted joints and the ground truth in millimeters. P-MPJPE,
termed Protocol 2, is the MPJPE after rigid alignment with
the ground truth in translation, rotation, and scale.
MPI-INF-3DHP is a more challenging 3D pose dataset that
contains both indoor and complex outdoor scenes. There are
8 actors performing 8 actions from 14 camera views, which
cover a greater diversity of poses. Its test set consists of
three different scenes: studio with green screen (GS), studio
without green screen (noGS), and outdoor scene (Outdoor).
Following [23, 38, 47], we use Percentage of Correct Key-
points (PCK) with a threshold of 150mm and the Area Under
Curve (AUC) for a range of PCK thresholds for evaluation.



Table 2. Quantitative comparisons with state-of-the-art methods on
the MPI-INF-3DHP dataset.

Method |GS 1|noGS 1|Outdoor 1| All PCK 1| All AUC 1
SimpleBaseline [21] 49.8 | 42.5 31.2 42.5 17.0
GraphSH [35] 81.5| 81.7 75.2 80.1 45.8
MGCN [47] 86.4| 86.0 85.7 86.1 53.7
GraFormer [45] 80.1| 77.9 74.1 79.0 43.8
UGRN [16] 86.2| 84.7 81.9 84.1 53.7
GUMLP (Ours) 87.6| 86.1 87.1 87.0 54.3
GUMLP + UAO (Ours)| 89.2 | 87.7 87.9 88.2 54.5

5.2. Implementation Details

We implement our approach with PyTorch, training and
testing it on one NVIDIA RTX 3090 GPU. Following [2,
47], we use 2D pose detected by CPN [3] for Human3.6M,
and ground truth 2D pose for MPI-INF-3DHP. Horizontal
flipping is used as data augmentation following [2, 37, 47].
During the training phase, we train a deep neural network for
deep prior. The proposed GUMLP is designed by stacking
GCN layers and UMLP modules for N = 4 times. Adam
optimizer is adopted with an initial learning rate of 0.001
and a decay factor of 0.95 per epoch. For the testing time
optimization, the hyperparameters for projection loss and
uncertainty loss are chosen as A\p = 1 and Ay = 0.005,
respectively.

5.3. Comparison with State-Of-the-Art Methods

Human3.6M. The comparison results with other state-of-
the-art methods under Protocol 1 are shown in Table 1. Fol-
lowing [2, 35, 47], the 2D pose detected by CPN [3] is used
as input for training and testing. It is worth mentioning that
the previous state-of-the-art method, MGCN [47], incorpo-
rated a refinement module to enhance performance. How-
ever, even without this module, our baseline model GUMLP
achieves a comparable accuracy, with only a marginal differ-
ence of 0.1mm. Furthermore, by integrating the Uncertainty-
Aware testing-time Optimization (UAO) framework, which
leverages both projection and uncertainty constraints, the
performance of GUMLP is significantly improved (from
49.5mm to 47.2mm, a relative 4.6% improvement). Notably,
GUMLP with UAO framework outperforms MGCN [47] by
4.5% (49.4mm vs. 47.2mm). For Protocol 2, we also obtain
the best overall results (39.0mm, see supplemental material).
These results validate the effectiveness of the designed 2D-
to-3D lifting network (GUMLP) and the UAO framework.
To further explore the lower bounds of our approach, we
compare our approach with previous state-of-the-art meth-
ods with ground truth 2D pose as input. As shown in Table
1 (bottom), we achieve state-of-the-art performance, outper-
forming all other methods. Furthermore, we observe that
the performance of GUMLP can still be boosted with the
UAO framework, even when the latent state z is initialized

Table 3. Ablation study on proposed constraints in 5 iterations step
using BOA framework.
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Figure 4. Performance with different iterations on Human3.6M test
set. Here we adopt the pre-trained GUMLP as baseline and use
the 2D pose detected by CPN [3] to initialize the latent state z. P
and U represent projection constraint and uncertainty constraint,
respectively.

with the ground truth 2D pose. This is due to the insufficient
capacity of the pre-trained GUMLP, and the use of projection
constraint and uncertainty constraint during the optimization
process can effectively enhance the quality of generated 3D
poses.

MPI-INF-3DHP. To evaluate the generalization ability of
the proposed UAO framework, we further compare our ap-
proach against previous state-of-the-art methods on cross-
dataset scenarios. As shown in Table 2, GUMLP obtains the
best results in all scenes and all metrics, consistently surpass-
ing other methods. After utilizing the UAO framework, the
performance can be further improved in both indoor and out-
door scenarios. This suggests that the designed testing-time
optimization process can effectively enhance the model’s
ability to generalize to unknown actions and datasets.

5.4. Ablation Study

Impact of Constraints during Optimization. In the ab-
sence of ground truth labels, it is crucial to set appropriate
targets for testing-time optimization to achieve high-quality
3D poses. To this end, we evaluate the effectiveness of two
proposed constraints in the optimization process. Table 3
presents the ablation results of 5 iterations using the UAO
framework on the test set of Human3.6M. The results reveal
that the projection constraint leads to a significant perfor-
mance improvement of the pure data-driven method (from
49.5mm to 48.2mm). Furthermore, the introduction of the un-
certainty constraint brings further improvements in MPJPE,
with the metric reaching 47.2mm. These experimental re-
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Figure 5. Combination of a histogram representing the uncertainty
for each joint and a line chart depicting the mean error (MPJPE)
for each joint. The left y-axis denotes the magnitude of uncertainty,
while the right y-axis signifies the error value.

Table 4. Inference speed of various optimization methods. UAO*
signifies employing the network’s latent state as the variable for
optimization.

Method FPS MPIJPE |
Model-only 310 49.5
BOA [8] 19 48.5
ISO [41] 18 479
UAO 48 47.2
UAO* 125 47.7

sults demonstrate the effectiveness of these two constraints.
To further explore the optimization mechanism, we illustrate

the performance with different iterations on the test set of

Human3.6M, as shown in Figure 4. We observe that using

only the projection constraint leads to a rapid decrease in

MPJPE, followed by a gradual increase. In contrast, the error

can be stabilized at a lower level with the further introduc-
tion of uncertainty constraint, even with more iterations. The

main reason is that the projection constraint only ensures the

consistency of the projected pose in the 2D plane, which is

easy to overfitting, yielding unrealistic poses in the 3D space.
For complementary, the uncertainty constraint ensures the

output remains close to the 3D manifold, which restricts

joints with low uncertainty from deviating too far from the
ground truth while allowing joints with high uncertainty to
have more optimization flexibility. The experimental results
showcase the robust adaptability of our method, especially in
real-world scenarios where the optimal number of iterations
is uncertain.

Impact of Optimization Strategies. We evaluated the in-
ference speed of various optimization strategies on a single
frame using one GeForce RTX 3090, results are shown in
Table 4. We use GUMLP as the baseline model, achiev-
ing 310 fps. By setting the number of iterations as 4, our
UGO framework reaches 48 fps, outperforming the speed

Table 5. Performance across different views on Human3.6M in
MPIJPE. In-domain refers to testing under the same view as the
training, while out-of-domain refers to testing under views other
than the training view. P; denotes the ith camera view.

Training views In Domain Out-of-Domain
GUMLP | + UAO | A | GUMLP | +UAO | A
Py 54.3 519 |24 92.2 894 |28
P, P 50.9 48.1 | 2.8 67.8 63.7 | 4.1
Py, Py, Ps 50.5 48.0 |25 60.3 547 |5.6
Py,P>, P3, Py 49.5 472 |23 - - -

of both the teacher-student approach used in BOA [8] and
the Inference Stage Optimization (ISO) [41] approach. This
is because our UAO framework optimize the latent state z
rather than the entire model parameters, resulting in accel-
erated inference. Despite this reduction, the performance
still meets real-time requirements. It is worth noting that the
output of any layer within the network can be selected as the
latent state for optimization. Here, we select the latent state
before the final fully connected layer as the optimized vari-
able, termed UAO*. This choice brings a significant surge
in inference speed, reaching up to 125 fps. Such an alter-
ation allows faster processing while maintaining satisfactory
performance.

5.5. Uncertainty and Error for each Joint

Figure 5 shows the average uncertainty and average error
for each joint estimation across the entire test set, using
the GUMLP model pre-trained on the human3.6M dataset.
For uncertainty estimation, we observe that the joints at the
end of limbs often exhibit significant predicted uncertainty,
such as the left wrist and the left foot. This phenomenon
is attributed to the fact that joints at the ends of the limbs
typically experience higher movement velocities, presenting
challenges in accurate prediction. Moreover, the line chart il-
lustrating joint errors follows a trend similar to the histogram,
indicating that joints with larger uncertainties generally ex-
hibit higher prediction errors. This further validates the
effectiveness of GUMLP in predicting joint uncertainties.

5.6. Generalization to Unseen Camera Views

Table 5 presents the relative gains of the proposed approach
over in- and out-domain cases on Human3.6M, where four
camera views are available. It can be inferred that the
UAO framework can not only help the in-domain cases but
also bring more significant improvements to unseen camera
views. This verifies its ability to break the domain gap and
meet our design expectations. Besides, from the last column
of the table, a large training set can bring more optimization
gains, which may be explained by better pre-training leading
to a better depiction of the 3D pose manifold.
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Figure 6. Visualization of the iterative optimization process. The red pose is the ground truth and the blue pose is our prediction. Color
intensity reflects the number of iterations, with darker colors indicating more iterations. The initial 3D pose generated by the pre-trained
model (column 3) progressively improves through iterative optimization (columns 4-7).
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Figure 7. Quantitative comparison of MGCN [47], GUMLP, and
GUMLP with UAO on Human3.6M. The blue pose represents the
predicted results, while the red pose represents the ground truth.

Input GUMLP

5.7. Qualitative Results

The visualization results on the Human3.6M dataset are
shown in Figure 7. We can see that our original GUMLP is
marginally superior to the previous state-of-the-art method,
MGCN [47]. Moreover, employing the UAO framework
brings better generation with more precise poses. For ex-
ample, the 3D pose of photoing action (row 2) predicted by
GUMLP with UAO (col 4) is similar to the ground truth.
As a comparison, the left arms predicted by MGCN and
the GUMLP are at a lower position. We further visualize
the iterative process of the UAO framework, as shown in
Figure 6. After four iterations of optimization, the original

GUMLP GUMLP+UAO Input GUMLP GUMLP+UAO

B “ﬁ.“@, ®
e
I /\,- N

Figure 8. Qualitative results of our method on indoor and outdoor
scenes on the MPI-INF-3DHP dataset.

s

3D output of GUMLP (col 3) becomes more reasonable and
accurate in detail, highlighting the effectiveness of the opti-
mization process. Figure 8 shows the qualitative results on
MPI-INF-3DHP test set. It can be seen that our approach ex-
hibits commendable performance in both indoor and outdoor
scenarios.

6. Conclusion

In this paper, we propose an Uncertainty-Aware testing-time
Optimization (UAO) framework for 3D human pose estima-
tion. During the training process, we propose the GUMLP
to estimate 3D results and uncertainty values for each joint.
For test-time optimization, our UAO framework freezes the
pre-trained network parameters and optimizes a latent state
initialized by the input 2D pose. To constrain the optimiza-
tion direction in both 2D and 3D spaces, projection and
uncertainty constraints are applied. Extensive experiments
show that our approach achieves state-of-the-art performance
on two popular datasets.
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Supplementary Material
This supplemental material contains the following parts:
 Theory of uncertainty estimation (Sec. A).
¢ Brief introduction of GCN (Sec. B).
» Additional quantitative results (Sec. C).
¢ Additional ablation studies (Sec. D).
¢ Effectiveness of the UAO framework (Sec. E).
¢ Limitations (Sec. F).

A. Theory of Uncertainty Estimation

Assuming the 3D pose follows Gaussian distributions, we
reformulate the 2D-to-3D network as a Bayesian Neural Net-
work (BNN) [13], which estimates a Gaussian distribution
of the target rather than only predicting the absolute coordi-
nates of points. Specifically, for the 3D joints J; of person
¢ in the dataset, our goal is to estimate the distribution of
3D joints for that individual. During training, the objective
is to maximize the likelihood of all observation pairs. The
likelihood function can be formulated as follows:

Likelihood = [ [ N (Ji.k|pi x> Zi k),
i,k

)

where £ is the index for the k-th joint of a person, p; j, rep-
resents the mean, ; ;, represents the covariance matrix of
the Gaussian distribution for the k-th joint of person ¢. Each
joint is considered as a random variable following a normal
Gaussian distribution. To further elaborate, the mean p; j,
captures the most probable location of the k-th joint, while
the covariance matrix YJ; ;, characterizes the uncertainty of
the distribution around this mean. The likelihood term mod-
els the probability of observing the actual 3D joint positions
given the estimated means and covariances. In pursuit of
the most accurate estimation of the 3D joint positions, we
seek the maximum likelihood, which aligns the estimated
Gaussian distribution with the observed 3D joint positions,
capturing both the most probable locations p; ;. and the un-
certainty >J; ;, associated with each joint. The formulation
of the maximum likelihood function can be achieved by:

0" = arg max Z log N'(J; k|tti i, i k)

ik

1 _
= arg mam K 2 ((Jz',k - :u'i,k)TEi,li(Ji,k — Wi k)
+1In |3 k) - ®)

Here we simplify the covariance matrix X; ;, as a diagonal
matrix with diagonal elements 67, , then we get:

1 HJik: Mzk||
0" = —§ _—
argm1n2 . (

zk

+ 1na§’k> .9
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We set 8; , = Ino?,, our target can be reformulated as:

J1 1
0" = argmm—z <| eip s”k§||

Through this formulation, we can minimize the discrepancy
between the predicted mean g; and the ground truth J; while
accounting for the associated uncertainty s;. This approach
ensures that the estimated Gaussian distribution aligns opti-
mally with the observed 3D joints, providing a robust and
reliable characterization of the underlying 3D pose distribu-
tion.

+ si,k) . (10)

B. Graph Convolutional Network

Graph Convolutional Network (GCN) is capable to capture
intricate relationships and structures within graph-structured
data. Consider an undirected graph as G={V, E'}, where
V is the set of nodes, and E is the set of edges. The edges
can be encoded in an adjacency matrix A€{0, 1}¥*¥ For
the input X of the [*" layer, the vanilla graph convolution
aggregates the features of the neighboring nodes. The output
X4 of the I*" GCN layer can be formulated as:

X1 :a(D*%AD*%XlW), (11)
where ¢ is the ReLU activation function [6], W;eR% %4 jg
the layer-specific trainable weight matrix. A=A+Iy is the
adjacency matrix of the graph with added self-connections,
where Iy is the identity matrix. Additionally, D is the
diagonal node degree matrix. By stacking multiple GCN
layers, it iteratively transforms and aggregates neighboring
nodes, thereby obtaining enhanced feature representations.
For the task of 3D human pose estimation, GCN it can
effectively capture of the semantic information of the human
skeleton.

C. Quantitative Results under Protocol 2

Table 6 compares the performance of our approach with other
state-of-the-art methods on Human3.6M under Protocol 2.
Following previous approaches [2, 35, 47], the 2D pose
detected by CPN [3] is used as input. The experimental
results show that our GUMLP achieves competitive results.
Furthermore, the performance of GUMLP under Protocol 2
can be further improved when using the UAO framework,
surpassing all previous methods.

D. Additional Ablation Studies

Impact of A\p and \y. During testing-time optimization,
we applied constraints to ensure alignment of the generated
poses in both 2D and 3D spaces. Table 7 shows the impact of
the hyperparameters for the projection loss (Ap) and uncer-
tainty loss (Ay7). Here we set Ap = 1 for projection loss and



Table 6. Quantitative comparison with the state-of-the-art methods on Human3.6M under Protocol 2. The 2D pose detected by cascaded
pyramid network (CPN) [3] is used as input. § denotes the methods that use refinement module [2, 47]. The top two best results for each

action are highlighted in bold and underlined, respectively.

Protocol 2 ‘ Dire. Disc. Eat Greet Phone Photo Pose Purch. Sit SitD. Smoke Wait WalkD. Walk WalkT. | Avg
SimpleBaseline (ICCV’2017) [21] | 39.5 432 464 470 510 56.0 414 406 565 69.4 492 450 49.5 38.0 43.1 | 47.7
VideoPose3D (CVPR’2019) [23] 36.0 387 38.0 417 40.1 459 371 354 468 534 414 369 43.1 30.3 34.8 | 40.0
LCN (ICCV’2019) [4] 369 41.6 38.0 410 419 51.1 382 376 491 621 43.1 39.9 435 322 37.0 | 422
STGCN (ICCV’2019) [2]§ 36.8 387 382 417 407 46.8 379 356 476 517 413 36.8 42.7 31.0 347 | 40.2
SRNet (ECCV’2020) [37] 358 392 366 369 398 45.1 384 369 477 544 386 363 39.4 30.3 354 | 394
MGCN (ICCV’2021) [4718§ 357 386 363 405 392 445 370 354 464 512 40.5  35.6 41.7 30.7 339 |39.1
MLP-JCG (TMM’2023) [30] 337 374 373 396 398 47.1 337 338 457 605 397 377 40.1 30.1 338 | 393
GKONet (TCSVT’2023) [11] 354 388 359 404 396 440 367 354 468 537 409  36.6 42.0 30.6 339 | 394
GUMLP (Ours) 353 385 359 402 403 449 363 350 462 518 412 358 41.7 30.3 339 |392
GUMLP + UAO (Ours) 349 383 353 402  40.1 449 365 348 460 519 40.8  36.0 42.3 30.0 334 | 39.0

Table 7. Influence of projection loss (Ap) and uncertainty loss (Ay)
hyperparameters.

Ap | v |  Bestlteration |  MPJPE
0.000 3 47.6
0.005 5 47.2
1.0 0.010 8 475
0.015 10 479
0.020 9 48.4
5l —— UAO ISO —— BOA
50.0
49.5
‘;I:—Jago
=
48.5
48.0
47.5
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14
Iterations

Figure 9. Performance with different iterations on Human3.6M test
set. Here we adopt the pre-trained GUMLP as baseline and use the
2D pose detected by CPN [3] to initialize the latent state z.

explore the impact of the hyperparameter \;; for uncertainty
loss. As the uncertainty loss regulates the degree to which
the 3D pose updates can deviate from the initial estimation,
a small or large value of A\yy will influence the performance.
For better performance, the final hyperparameters selected
in our experiments are Ap = 1.0 and Ay = 0.005.

E. Effectiveness of the UAO Framework

We have introduce the optimization strategy of the proposed
UAO framework in Sec 4.1 of the main text. By freezing the
pre-trained model parameters and selecting a hidden state z
as the optimized variable, we establish a robust testing-time
optimization approach. In this section, we further validate
the effectiveness of UAO framework.

Comparison with other optimization-based methods. We
further compare our method with vanilla ISO [41] and BOA

12

Algorithm 2 Online Adaptation of BOA

Input: 2D poses {J?” }éV: , from test set, pre-trained model
M, that parameterized by ¢g, moving average rate o of
the teacher model M, that parameterized by w, learning
rate 7, projection matrix P, optimization steps 7'

Output: 3D pose j?D

1: Initialization: w = ¢
2: for j = 1to N do
3 0= 95

4 forz;=0ton0

5 J?D = My, (J?D)

6: Lort = | J3P . P — 32D,
7 ¢j = ¢; —n- VL

8 end for

9: # update the teacher model

10: w=(1-0a) wta- o,

11: # predict 3D pose by the teacher model
122 J3P = M, (I3P)

13: end for

[8], two typical testing-time optimization methods. Both of
them seek for better generalization capabilities through fine-
tuning the network on the test set. The ISO adopts an early-
stop mechanism, which requires reloading the pre-trained
parameters each time new data is encountered. On the other
hand, the BOA adopts a teacher model [31], requiring the
loading of model parameters only once and continuously
updating them through test data. The implementation details
of BOA are summarized in Algorithm 2. Using the pre-
trained GUMLP model as baseline, the comparison of the
average performance across different iterations is illustrated
in Figure 9. The results show that our UAO framework
achieves the best performance, demonstrating its superiority.
Additionally, the UAO framework optimizes only a hidden
state z rather than the entire network parameters, thereby
requiring the storage of a small number of parameters. As
presented in Table 5 in the main text, UAO attains the highest
inference speed, making it more suitable for online inference



Table 8. Performance of other data-driven models with UAO frame-
work in MPJPE. MF represents multi-frame methods, and SF repre-
sents single-frame methods. GT denotes the method adopts ground
truth 2D input.

Method | Original | +UAO | A

MHFormer [18] 43.0 40.8 2.2

MF MixSTE [42] 40.9 399 1.0
PoseFormer [46] 44.3 432 1.1
SimpleBaseline [21] 53.0 50.2 2.8

SF SemGCN [44] (GT) 42.6 42.0 0.6
MGCN [47] 494 479 1.5

scenarios.

Extension to Other Data-Driven Models. To evaluate the
general applicability of the UAO framework, we test its
performance on other data-driven models. For simplicity,
here we only adopt the projection constraint during testing-
time optimization. The results are presented in Table 8. The
outcomes clearly indicate a substantial performance enhance-
ment for both multi-frame and single-frame models through
the implementation of testing-time optimization paradigms.
The experimental results underscore the generalization of
our UAO framework, showcasing its adaptability and ease
of extension to other pre-trained models.

F. Limitations

The uncertainty constraint serves as a balancing factor be-
tween the optimization direction and the initial results. When
dealing with joints that already have accurate initial esti-
mates, two scenarios arise: (a) relying solely on the projec-
tion constraint might deteriorate the results. In this setting,
our uncertainty constaint can effectively alleviate this prob-
lem; (b) relying solely on the projection constraint can also
bring the optimized results closer to the ground truth. In this
case, the uncertainty constraint will limit the optimization
process.
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