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Abstract

Multi-view 3D human pose estimation (MHPE) is an im-
portant research task in computer vision. To maintain con-
sistency during the data collection, hardware synchroniza-
tion devices are commonly used to connect cameras, ensur-
ing that images from different views are captured simultane-
ously. However, synchronizing with extra devices has two ap-
parent limitations: the hardware is i) usually expensive and ii)
less flexible for deployment in outdoor open scenarios. Sup-
pose the model can improve its tolerance for the time dif-
ferences in multi-view image capture. In that case, the dif-
ficulty and cost of deployment will be greatly reduced, and
MHPE will become more widespread. In this paper, we try to
answer how to build a model that performs pose estimation
directly using “weakly synchronized images” from multiple
views, where the captured images shift from each other within
a frame. To this end, we introduce a new multi-view 3D
human pose estimation task given weakly synchronized im-
age inputs. Apart from existing well-synchronized datasets,
we present the first weakly synchronized dataset compris-
ing 800k images. Thereon, we propose SyncDiffPose, a novel
model based on the diffusion method for pose estimation to
denoise the error in such data. By combining simple synchro-
nization strategies, e.g., the timer method, our approach can
perform pose estimation without hardware calibration.

Introduction
In recent years, computer vision tasks have made rapid
progress (Chen et al. 2024a; Qian et al. 2024; Chen et al.
2024b; Sun 2024; Sun et al. 2024; Hu et al. 2024a,b; Ling
et al. 2024a). As an essential task, multi-view 3D human
pose estimation has critical sports and art motion analy-
sis applications (Li and Meng 2022; Li et al. 2023, 2024;
Xu et al. 2024; Wang et al. 2022, 2024a; Jin et al. 2023;
Wang et al. 2024b; Ling et al. 2024b). We use images from
different views as input and predict 3D coordinates of hu-
man joints. Existing MHPE methods typically require cam-
era synchronization during data collection to ensure tempo-
ral consistency between views. The most common method
for synchronizing multi-view images is to use a unique de-
vice that connects the cameras for hardware-level synchro-
nized capturing. However, such synchronization devices are
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usually expensive and unsuitable for outdoor use. Camera-
based clock synchronization is an alternative solution. The
challenge with this approach lies in the need to establish a
unified protocol between cameras, leading to higher devel-
opment costs. Additionally, camera clock synchronization
relies on the stability of the WiFi signal, and fluctuations
in the WiFi signal can significantly affect synchronization
accuracy. Ideally, multi-view models should be able to elim-
inate the dependency on synchronization to promote broader
application of MHPE methods.

Some recent studies have begun exploring ways to elim-
inate the need for hardware synchronization devices in
MHPE (Wu et al. 2019; Yin et al. 2022; Liu et al. 2024).
Earlier researchers explored a technical approach that first
obtained time differences between different views based on
synchronization algorithms to align inputs from different
views for temporally estimated pose. These studies used
synchronized MHPE datasets like Human3.6M (Ionescu
et al. 2013) to generate desynchronized data between views,
which were then used to train models to estimate the time
differences between different views (Yin et al. 2022). How-
ever, this method can only achieve integer multiples of inter-
frame time differences, meaning image frames can only be
shifted by whole frames and cannot obtain fractional frame
time differences. In practical applications, the errors caused
by the intra-frame intervals are still significant.

Furthermore, the difficulty of eliminating inter-frame in-
terval errors is not severe and can usually be easily elim-
inated using methods such as clapperboard or timer meth-
ods. The challenge lies in removing intra-frame errors, as
synchronized data only allows for moving whole frames at
a time, limiting the input’s diversity. Liu et al. collected the
IFID dataset containing inter-frame and intra-frame time dif-
ferences to support research on this task (Liu et al. 2024).
However, the IFID dataset lacks information on human pose.
In human pose estimation, existing MHPE datasets are gen-
erally collected using hardware-level synchronization de-
vices, resulting in a lack of weakly synchronized datasets
and corresponding algorithms.

Increasing the frame rate is another simple method for ad-
dressing shifts between cameras. As the camera frame rate
increases, the errors caused by intra-frame intervals are con-
tinuously reduced. However, the cost of cameras also in-
creases significantly. Essentially, this strategy cannot resolve
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Figure 1: (a) The illustration of multi-view weakly synchronized images. These images are multi-view captures from different
views with an intra-frame Synchronization Time Interval (STI). Although the time intervals between images from different
views are small, fast-moving key points, such as the ankle and wrist, can undergo rapid positional changes in scenarios involving
high limb movement velocities. (b) Interpretation of intra-frame and inter-frame STI concepts. We refer to the STI duration
between views within a single frame as intra-frame STI. STI duration between views that extends beyond the length of an entire
frame is referred to as inter-frame STI.

the errors introduced by weak synchronization. Ideally, our
model should be able to perform pose estimation directly
based on “weakly synchronized images”.

The challenge of 3D human pose estimation based on
weakly synchronized data is information fusion between
views. Unlike synchronized data, weakly synchronized data
from additional views introduces extra noise but also car-
ries information. When the human body moves, the positions
of joints that undergo rapid movement may change signifi-
cantly in a very short time. Such varying positions of the
same joint from different views could lead to significant er-
rors using existing pose estimation models (Liu et al. 2024).
We need to find a method to eliminate the synchronization
discrepancies across different views, effectively utilizing the
information from various views.

In this paper, we first define a novel task for Multi-view
3D Human Pose Estimation, focusing on data characterized
by a Synchronization Time Interval (STI) confined to a sin-
gle frame. We have termed this type of data “weakly syn-
chronized images”, a concept we propose for the first time,
as illustrated in Figure 1. To mitigate the scarcity of weakly
synchronized data, we have assembled a large-scale 3D hu-
man pose dataset consisting of multi-view images that are
weakly synchronized. This dataset includes 800,000 frames
and ground truth joint coordinates captured by OptiTrack
devices, enabling comprehensive exploration of this task.
To our knowledge, this is currently the first dataset target-
ing weakly synchronized data for MHPE. During the data
collection, we ensure that one of the cameras and the Mo-
cap system are well synchronized while the other cameras
remain weakly synchronized. In pose estimation, the tempo-
ral weak synchronization between different views introduces
noise. To address this issue, we introduce a novel model,

SyncDiffPose, which employs a diffusion-based method to
identify and eliminate noise in the pose estimation. This ap-
proach has demonstrated superior performance in MHPE
tasks involving weakly synchronized images as inputs. In
summary, our contributions are as follows:

• We introduce the concept of “weakly synchronized” for
the first time and define a new task to extend the problem
formulation of multi-view 3D human pose estimation.

• We have constructed the WeakSyncPose3D, the first
large-scale multi-view weakly synchronized human pose
dataset, which encompasses a broad spectrum of move-
ments characterized by high motion frequencies.

• Considering pose estimation given weakly synchronized
data faces the challenge of a mix of joints and noises,
we designed our model based on the diffusion method,
SyncDiffPose, which achieved promising performances.

Related Work
3D Human Pose Estimation
Monocular 3D human pose estimation is relatively preva-
lent, requiring pose estimation from a single-view image
input (Moreno-Noguer 2017; Rhodin et al. 2018; Li et al.
2020). However, limited by the information that can be cap-
tured from a single camera, monocular 3D human pose esti-
mation often encounters occlusion problems (Zhang, Chen,
and Tu 2022; Zhang, Huang, and Wang 2020; Radwan,
Dhall, and Goecke 2013). A natural solution is to estimate
the pose from multiple views, known as multi-view 3D hu-
man pose estimation (Qiu et al. 2019; Jiang, Hu, and Xia
2023). In multi-view 3D human pose estimation, direct and
voxel-based regression have gradually become two main-
stream approaches. Typically, the performance of direct re-
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Figure 2: Overview of the architecture of SyncDiffPose. We incrementally embedded Gaussian noise, which is introduced from
the Noise Embedding (NE) module ϵ into the “ground truth”. After K rounds of noise addition, a noisy 3D pose gK with high
noise deviations is ultimately formed. Before initiating the reverse process, the intermediate 3D pose gk, embedded with noise,
is initialized using a standard modeling approach. The Noise Estimation Model (NEM) s is deployed to infer and systematically
reduce the noise deviations throughout the reverse process. This iterative denoising over K steps culminates in retrieving the
pristine, noise-free 3D pose g0.

gression methods is slightly lower than voxel regression, but
they often require less computational resources for train-
ing and inference. With the continuous development of con-
volution neural networks and Transformer models, recent
methods (He et al. 2016; Vaswani et al. 2017; Liu et al.
2021) have performed well in multi-view 3D pose estima-
tion. When sufficient view information is available, existing
methods can obtain relatively more accurate results from
images captured simultaneously from different views than
what is estimated from the single view.

Diffusion Model for Human Pose Estimation
The emergence of Denoising Diffusion Probabilistic Mod-
els (DDPM) (Ho, Jain, and Abbeel 2020) has led to signifi-
cant breakthroughs in generative models and is also widely
applied across various tasks in computer vision (Lugmayr
et al. 2022; Rombach et al. 2022; Hoogeboom et al. 2022;
Tashiro et al. 2021). The diffusion method mainly consists of
two phases: training and inference. During training, noise is
continuously added to the information with a hidden Markov
chain (Ephraim and Merhav 2002). Subsequently, a neu-
ral network is utilized to reverse the diffusion process and
recover the data. In the inference phase, noise is continu-
ously removed under the influence of conditions, ultimately
achieving the generative target. Given that existing 2D pose
estimation methods (Wang et al. 2020; Zhang, Zhu, and Ye
2019) have already achieved good performance, diffusion
methods are primarily used in 3D human pose estimation
(Feng et al. 2023). In this process, the 3D pose is typically
considered as a pose carrying noise (Rommel et al. 2023)
or originated directly from random noise (Zhou et al. 2023),
using the 2D pose as a condition to denoise.

Available Datasets for MHPE
Human3.6M (Ionescu et al. 2013), CMU-panoptic (Joo et al.
2015), MPI-INF-3DHP (Mehta et al. 2017), among others,
are the benchmark datasets for multi-view 3D human pose.
However, these datasets use hardware synchronization de-

vices to connect cameras during collection. This results in
their inability to obtain weakly synchronized data, making
the consequent models lack versatility in real-world applica-
tion scenarios. The IFID dataset (Liu et al. 2024) is the first
naturally collected multi-view desynchronized dataset with
intra-frame interval annotations for the task of temporal syn-
chronization. Unfortunately, the IFID dataset lacks annota-
tions for 3D human poses. To fill this gap, we spot the need
for a dataset that utilizes multi-view weakly synchronized
images for human pose estimation.

Method
Problem Formulation
Weakly Synchronized Images. In this study, we introduce
the concept of “weakly synchronized images” to charac-
terize collections of images gathered from multiple views
within a specific environment that are not perfectly syn-
chronized. More precisely, weakly synchronized images re-
fer to a series of image sequences D = {Dj}Mj=1, col-
lected from M distinct views V = {v1, v2, . . . , vM} within
the same environment, where Dj = (I1,j, I2,j, . . . , IN,j) ∈
RN×H×W×3, each Ii,j ∈ RH×W×3 represents the i-th sam-
pling instance of an image from view vj . A key attribute of
these images is that, although the sampling instances from
different views are not perfectly synchronized in time, the
discrepancy in the timestamps ti,j and ti,k for the corre-
sponding samples Ii,j and Ii,k from any two views vj and vk
is constrained within a predefined maximum synchroniza-
tion error ∆tframe. Formally, weakly synchronized images
satisfy the following conditions

|ti,j − ti,k| < ∆tframe, (1)

where i ∈ {1, 2, . . . , N} , j, k ∈ {1, . . . ,M} and j ̸= k.
∆tframe = 1/f , where f represents the camera frame rate.
Target for Modeling. The traditional multi-view 3D human
pose estimation task uses images captured simultaneously
by multi-view cameras as input. Here, we extend the input
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to include a set of weakly synchronized image sequences
D ∈ RN×M×H×W×3. We define it as follows

f : T (D,Φ, ϕ) = C. (2)

Here, Φ is the 3D human pose estimation model based on
weakly synchronized images, ϕ represents the camera pa-
rameters, C = (C1, C2, . . . , CN ) ∈ RN×J×3 denotes the
3D human pose coordinates, and f maps the model’s pre-
diction to keypoint coordinates. In this paper, we process
frames individually and define the problem as

f : T ({Ii,j}Mj=1,Φ, ϕ) = Ci. (3)

WeakSyncPose3D Dataset
We deployed 3 optical and 4 motion capture cameras within
a 4m× 3m area. We synchronize one of the optical cameras
with the 4 motion capture cameras. Performances carry out
various sports on the site to highlight the importance of intra-
frame STI and increase the motion frequency. The wide va-
riety of poses and high-frequency movements also increase
the difficulty of pose estimation. The supplementary mate-
rials provided detailed introductions to the optical cameras,
mocap cameras, and the action capture setup we designed.
Annotation Details. To obtain weakly synchronized data
with intra-frame STI for multi-view images sampled in the
same environment, we first use a manual calibration tech-
nique known as the “timer method” to eliminate inter-frame
STI. At the beginning of the recording, we start a timer on
the field and calibrate the time based on the timer’s display.
The precision of the timer we use is 1 millisecond. During
the calibration process, we manually synchronize the images
from different views and remove the video segments that in-
clude the timer at the start of the recording. To acquire hu-
man keypoint coordinates, we wear motion capture suits and

attach markers to the corresponding joints on the body. Op-
tiTrack devices can accurately and in real-time capture the
3D coordinates of human body keypoints.
Data generalizability. It is noteworthy that we collected
several segments of sports data under natural conditions, en-
suring random initialization times across different cameras.
This randomness in startup times guarantees that the col-
lected weakly synchronized data encompasses a wide range
of intra-frame synchronization intervals, thereby enhancing
the generalizability of the dataset.

Diffusion Formulation for Pose Estimation
Diffusion models are a type of probabilistic generative mod-
els (Lugmayr et al. 2022) which aim to transition from the
noisy sample, denoted as gK , into a task-specific data sam-
ple g0 through a systematic denoising process across K
steps, formulated as gK → gK−1 → . . . → g0. This pro-
cedure, known as reverse diffusion, counteracts the forward
diffusion path g0 → g1 → . . . → gK .

For the model to learn this reverse diffusion, it necessi-
tates a series of intermediate noisy samples {gk}K−1

k=1 to fa-
cilitate the transition from the original sample g0 to the la-
tent noisy sample gK . The forward diffusion is executed to
generate intermediate samples, which can be viewed as a
Markov process and defined as

q(gk|gk−1) = N
(
gk;

√
1− βkgk−1, βkI

)
,

q(g1:K |g0) =
K∏

k=1

q(gk|gk−1),
(4)

where N (gk; ·) denotes a normal distribution with a mean
vector of

√
1− βkgk−1 and covariance matrix of βkI, βk
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Method Head L-Ankle L-Elbow Hip L-Knee Shoulder L-Wrist Pelvis R-Ankle R-Elbow R-Knee R-Wrist Spine Avg.

Denis et al. 34.42 56.06 182.40 60.76 87.62 130.97 190.02 70.74 96.20 145.59 184.52 184.64 94.88 112.26
Karim et al. 37.61 54.41 182.54 63.50 85.27 129.54 178.16 68.09 94.06 138.65 178.47 179.84 98.81 110.82

MvP 35.50 49.56 168.05 58.18 81.42 125.85 171.33 65.40 92.51 135.47 167.52 163.31 94.51 104.70
Ours 23.10 28.45 127.98 44.24 63.83 99.65 137.27 48.95 74.26 110.32 112.79 117.97 85.84 84.86

Denis et al. 28.80 49.65 178.91 55.80 78.65 125.78 177.41 64.85 94.22 135.09 176.71 173.60 86.49 105.57
Karim et al. 24.12 33.39 153.41 51.91 70.27 116.83 157.68 54.25 79.62 123.71 152.31 151.25 80.31 93.29

MvP 32.99 40.71 152.63 46.04 67.49 114.81 159.17 57.84 91.67 131.27 148.43 145.34 81.12 94.29
Ours 18.75 22.39 111.06 35.66 61.22 87.08 117.49 43.55 74.02 102.18 95.71 100.66 78.16 70.24

Table 1: Comparison with existing methods. In the upper part of the table, the results are acquired using 2D pose estimations
from the ShuffleNet V2 (Ma et al. 2018) model. In the lower part, the ground truth 2D poses are used. The positions of human
body joints are consistent with the positions of joints in the MPII dataset (Andriluka et al. 2014).

Method Head L-Ankle L-Elbow Hip L-Knee Shoulder L-Wrist Pelvis R-Ankle R-Elbow R-Knee R-Wrist Spine Avg.
S
y
n
c.

Denis et al. 66.32 61.04 68.29 66.30 50.87 68.75 73.85 72.61 55.88 57.81 51.19 54.39 50.69 63.08
Karim et al. 60.14 61.07 55.40 48.74 66.08 56.05 62.79 54.49 51.66 69.69 51.53 63.48 66.17 57.78

MvP 49.61 21.36 26.76 24.55 19.58 41.69 28.65 21.89 30.28 44.45 53.73 46.40 32.88 32.97
Ours 56.95 32.62 10.04 44.11 19.29 51.98 10.87 26.38 15.46 32.50 28.09 16.11 42.05 30.85

U
n
S
y.

Denis et al. 77.42 122.86 43.09 95.65 65.74 76.96 80.20 141.90 107.58 131.69 119.05 99.90 106.04 99.70
Karim et al. 78.01 85.13 139.80 82.40 71.20 92.21 80.26 66.94 122.85 139.48 71.30 107.45 51.99 90.91

MvP 56.31 116.38 127.70 77.03 124.33 112.42 86.07 65.22 51.70 69.99 71.17 129.71 117.44 92.98
Ours 50.18 55.41 58.38 74.84 85.35 75.13 69.71 75.84 49.85 82.50 65.39 81.33 51.91 69.17

Table 2: Comparison of Results for Different Methods on Human3.6M. The upper section of the table displays the training and
testing results obtained using the original Human3.6M dataset, assessing the performance of our model on synchronized data.
The lower section presents the results where a random frameshift of 0 or 1 frame was applied across different views.

is a predetermined noise variance schedule modulating the
noise at arbitrary sampling step.

Suppose αk =
∏k

i=1 αi =
∏k

i=1(1−βi), we can accord-
ingly articulate gk as a linear amalgamation of the original
sample g0 and a noise term ϵ, gk can be defined as

gk =
√
αkg0 +

√
(1− αk)ϵ. (5)

where each element of noise term ϵ is drawn from N (0, 1).
Due to the additive property of independent Gaussian dis-
tributions, we can denote the conditional probability of gk
given g0 as

q(gk|g0) = N
(
gk;

√
αkg0, (1− αk)I

)
. (6)

As the maximum step K → ∞, the distribution of gK
converges to a standard Gaussian distribution, indicating the
complete transformation of g0 into Gaussian noise.

Utilizing the initial sample g0 and intermediate noisy
samples {gk}Kk=1 produced via forward process, the model
s is optimized to predict the reverse distribution p(gk−1|gk).
Each reverse diffusion step is typically modeled as a func-
tion f , which can be denoted as

gk−1 = f(gk, s). (7)

SyncDiffPose Model Architecture
As illustrated in Figure 2, the process of 3D pose estima-
tion from weakly synchronized images is divided into two
stages: (i) using a basic model for 3D pose estimation to ob-
tain an initial uncertain pose distribution Gk with noise devi-
ations, and (ii) executing the reverse diffusion process facil-
itates noise elimination. Utilizing a noise estimation model
s, we iteratively mitigate the noise embedded within the ini-
tial pose distribution Gk, culminating in the attainment of a
high-quality, definitive pose g0 ∈ RJ×3.

SyncDiffPose Forward Diffusion
To effectively learn progressive denoising, intermediate
“ground truth” distributions are necessary as training super-
visory signals. Specifically, with a defined target pose g0,
the forward diffusion sequence (g0 → g1 → . . . → gK),
where K denotes the maximal diffusion steps, is designed
to systematically escalate the uncertainty in g0, converging
towards the pose uncertainty gK .

The final pose gK is not just random noise. It arises from
the 3D pose distribution of an existing model, displaying
complex characteristics. Based on this analysis, we adopt
the forward noise model shown in Figure 2. Differently, we
emphasize the use of Noise Embedding (NE) to simulate the
noise generated by weak temporal synchronization, thereby
replicating the noisy and uncertain 3D pose distribution Gk.
Specifically, the forward process based on NE is as follows

min
n

n∑
i=1

L
(
giK , ĝiK | ΦNE

)
. (8)

g1K , . . . , gnK are n poses with noise sampled from the noisy
pose distribution GK . Here, L denotes the loss function. We
use Mean Square Error (MSE) loss here.ΦNE represents the
NE module, which consists of several simple linear layers.
ĝK is determined by the NE module

ĝK = µNE +
√
αk(g0 − µNE) +

√
(1− αk) · ϵNE . (9)

Here, µNE is the mean determined by the NE module,
ϵNE ∼ N (0,ΣNE), where ΣNE is the covariance ma-
trix. To be more specific, µNE = L(µg0 |ΦNE), where
ΦNE represents the NE model, consisting of linear layers.
L(µg0 |ΦNE) represents the feature transformation based on
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the NE model, which serves as the input for g0. µg0 =
µ(g0) is the mean value of the determined pose g0. In this
manner, when αK ≈ 0, ĝK is drawn from the fitted NE
module, i.e., ĝK = µNE + ϵNE . This enables us to generate
samples as supervisory signals for training the NE module.

Reverse Diffusion Process
The reverse diffusion process aims to eliminate the noise in
the uncertain 3D pose distribution GK , thereby obtaining
a noise-free and accurate 3D pose g0. The pipeline of the
reverse process is illustrated in Figure 3.
Multi-View Spatial Encoder. We deploy the Spatial En-
coder to extract comprehensive spatial information vF from
the multi-view 2D poses S = {S1, S2, . . . , SM}, SM ∈
RJ×2. Where M represents the number of views, and J de-
notes the number of keypoints. Here, we denote vF as

vF = F(concat(S1, S2, . . . , SM )), vF ∈ RJ×64. (10)

Here, we set M = 3, J = 16. F is a linear layer that trans-
forms the dimension from RM×J×2 to RJ×64.
Noise Estimation Model s. As illustrated in Figure 3, our
Noise Estimation Model s comprises lightweight sequence-
to-sequence modules, each containing a linear layer, a self-
attention, and a cross-attention structure. The modules are
interconnected through residual connections. In the k-th
step, we take gk ∈ RN×J×3 as the input and predict the
noise distribution. The specific dimensional information is
provided in the supplementary materials.
Reverse Process. The diffusion process focuses on refin-
ing an uncertain pose distribution GK with noise during the

Method Diff NE Upper Lower Avg.

MvP ✗ ✗ 159.54 84.56 104.70
✓ ✗ 157.93 83.44 103.41

SyncPose
✗ ✗ 177.87 93.46 115.98
✓ ✗ 154.44 83.93 101.84
✓ ✓ 123.39 61.30 84.86

Table 3: Performance comparison between methods that par-
ticularly adopted diffusion and NE modules. The input 2D
poses are predicted by the ShuffleNet V2 (Ma et al. 2018).

training or evaluation phases into a precise pose g0. Given
a noisy pose ĝk, the Noise Embedding Model ϵ conditioned
upon the diffusion step k and the extracted spatial-temporal
context vF methodically deduces ĝk−1 from ĝk. The noise
model, conditioned on the diffusion step k and the extracted
spatial feature vF , estimates the current noise, thereby con-
tinuously aiding in the denoising of the pose. This process
can be denoted as:

ĝk−1 = f(sθ
(
ĝk, vF , v

k
D

)
), k ∈ {1, . . . ,K}. (11)

Experiments
Datasets and Evaluation Metrics
Datasets. The WeakSyncPose3D dataset is the first multi-
view weakly synchronized 3D human pose estimation
dataset. It comprises a total of 835, 272 frames of action,
with 624, 996 frames for training, 93, 816 frames for valida-
tion, and 116, 460 frames for testing.

Human3.6M (Ionescu et al. 2013) is a widely used multi-
view 3D human pose dataset. During data collection, syn-
chronization devices were used to ensure that the input im-
ages from different views were fully synchronized in time.
The dataset includes 11 action subjects. We trained on 5 sub-
jects (S1, S5, S6, S7, S8) and tested on 2 subjects (S9, S11).
Evaluation Metrics. We use common evaluation metrics,
such as mean per-joint position error (MPJPE), to measure
the accuracy of denoised 3D pose against ground truth data.
MPJPE measures the average Euclidean distance between
the denoised 3D pose and the ground truth in 3D space. For a
denoised 3D pose J and its corresponding ground truth pose
J∗, both composed of N joints with their 3D coordinates,
we calculate MPJPE as follows

MPJPE =
1

N

N∑
i=1

∥Ji − J∗
i ∥2, (12)

where Ji and J∗
i represent the 3D coordinates of the i-th

joint, and ∥·∥2 denotes the L2 norm.

Experiment Results
We compared our model with several advanced 3D human
pose estimation models (Tome et al. 2018; Iskakov et al.
2019; Zhang et al. 2021) on the WeakSyncPose3D and Hu-
man3.6M (Ionescu et al. 2013) datasets, with the results
shown in Table 1 and Table 2, respectively. Among the var-
ious methods, Denis et al. (Tome et al. 2018), and Karim

4838



MvP

Ours

Ground Truth

Model Output

Figure 5: Qualitative comparisons of 3D human poses estimated by different methods. The green-colored skeleton represents
the ground truth, and the significant improvements achieved by our method compared to other single-view and multi-view
methods are highlighted with a black dotted circle and magnified.

et al. (Iskakov et al. 2019) represent high-performing CNN-
based approaches. MvP (Zhang et al. 2021) is an attention
mechanism-based method with excellent performance.

We separately trained and tested our model on the
WeakSyncPose3D and Human3.6M datasets. Table 1 shows
the test results of our model after training on the WeakSync-
Pose3D dataset. Table 2 presents the performance of our
model on the Human3.6M dataset, including both the origi-
nal data and the one-frame frameshift weakly synchronized
data. Compared to the improvements on the synchronized
dataset, our model shows even more significant improve-
ments on the weakly synchronized dataset.

In Figure 4 (a), we calculate the Euclidean distances
between the positions of specific points and analyze the
fluctuation of positions of various keypoints in successive
frames within weakly synchronized data. Our analysis indi-
cates significant positional fluctuations between successive
frames at limb extremities, such as the left elbow and right
wrist. Given that the maximum STI for weakly synchronized
data corresponds to a one-frame interval, these fluctuations
demonstrate the errors resulting from weak synchronization.
Consequently, intra-frame STI significantly impacts these
points. The results of MPJPE for each point in Figure 4 (b)
also validate this observation. From Figure 5, we can intu-
itively observe the excellent performance of our method.

Ablation Study
Comparison of results regarding using the diffusion
model. As seen from Table 3, applying the diffusion method
improves model performance. In our view, diffusion has
the potential to partially mitigate coordinate deviations aris-
ing from temporal discrepancies between different views or
other contributing factors.
Comparison of results regarding using the NE module.
As seen from Table 3, the diffusion method combined with

the NE module significantly improves. Considering the up-
per and lower error limits associated with weakly synchro-
nized data, we posit that the NE module maps the noise into
the corresponding error space, thereby aligning the noise
distribution effectively.

Conclusion
In this study, we further expanded the multi-view 3D
human pose estimation task based on “weakly synchronized
images”. Introducing this concept significantly reduces
the deployment complexity and cost of MHPE, greatly
facilitating the broader application of MHPE methods. To
confront this newly identified challenge, we have compiled
a comprehensive dataset comprising 800k frames of weakly
synchronized 3D human poses from multiple views, estab-
lishing the first dataset dedicated to this specific task. We
also proposed a novel framework based on the diffusion
method for 3D human pose estimation, SyncDiffPose,
specifically designed to mitigate the inaccuracies introduced
by the weak synchronization. Our experimental results
demonstrate the outstanding performance of this approach.
Limitations. Despite achieving commendable results
and effectively mitigating noise introduced by weak syn-
chronization, our model’s performance is constrained by
insufficient synchronization capabilities, preventing it from
reaching the optimal levels observed in models that utilize
synchronized images as input.
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