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Abstract

Monocular 3D human pose estimation is quite challeng-
ing due to the inherent ambiguity and occlusion, which often
lead to high uncertainty and indeterminacy. On the other
hand, diffusion models have recently emerged as an effec-
tive tool for generating high-quality images from noise. In-
spired by their capability, we explore a novel pose estima-
tion framework (DiffPose) that formulates 3D pose estima-
tion as a reverse diffusion process. We incorporate novel de-
signs into our DiffPose to facilitate the diffusion process for
3D pose estimation: a pose-specific initialization of pose
uncertainty distributions, a Gaussian Mixture Model-based
forward diffusion process, and a context-conditioned re-
verse diffusion process. Our proposed DiffPose significantly
outperforms existing methods on the widely used pose
estimation benchmarks Human3.6M and MPI-INF-3DHP.
Project page: https://gongjia0208.github.io/Diffpose/.

1. Introduction

3D human pose estimation, which aims to predict the 3D
coordinates of human joints from images or videos, is an
important task with a wide range of applications, including
augmented reality [5], sign language translation [21] and
human-robot interaction [40], attracting a lot of attention
in recent years [23, 46, 50,52]. Generally, the mainstream
approach is to conduct 3D pose estimation in two stages: the
2D pose is first obtained with a 2D pose detector, and then
2D-to-3D lifting is performed (where the lifting process is
the primary aspect that most recent works [2, 10, 16, 17,19,

, 54] focus on). Yet, despite the considerable progress,
monocular 3D pose estimation still remains challenging. In
particular, it can be difficult to accurately predict 3D pose
from monocular data due to many challenges, including the
inherent depth ambiguity and the potential occlusion, which
often lead to high indeterminacy and uncertainty.
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Figure 1. Overview of our DiffPose framework. In the forward
process (denoted with blue dotted arrows), we gradually diffuse
a “ground truth” 3D pose distribution Hy with low indetermi-
nacy towards a 3D pose distribution with high uncertainty Hx
by adding noise € at every step, which generates intermediate dis-
tributions to guide model training. Before the reverse process, we
first initialize the indeterminate 3D pose distribution H i from the
input. Then, during the reverse process (denoted with red solid
arrows), we use the diffusion model g, conditioned on the context
information from 2D pose sequence, to progressively transform
H into a 3D pose distribution H with low indeterminacy.

On the other hand, diffusion models [12, 38] have re-
cently become popular as an effective way to generate high-
quality images [33]. Generally, diffusion models are capa-
ble of generating samples that match a specified data distri-
bution (e.g., natural images) from random (indeterminate)
noise through multiple steps where the noise is progres-
sively removed [12, 38]. Intuitively, such a paradigm of
progressive denoising helps to break down the large gap be-
tween distributions (from a highly uncertain one to a deter-
minate one) into smaller intermediate steps [39] and thus
successfully helps the model to converge towards smoothly
generating samples from the target data distribution.

Inspired by the strong capability of diffusion models to
generate realistic samples even from a starting point with
high uncertainty (e.g., random noise), here we aim to tackle
3D pose estimation, which also involves handling uncer-
tainty and indeterminacy (of 3D poses), with diffusion mod-
els. In this paper, we propose DiffPose, a novel framework
that represents a new brand of diffusion-based 3D pose es-
timation approach, which also follows the mainstream two-
stage pipeline. In short, DiffPose models the 3D pose esti-



mation procedure as a reverse diffusion process, where we
progressively transform a 3D pose distribution with high
uncertainty and indeterminacy towards a 3D pose with low
uncertainty.

Intuitively, we can consider the determinate ground truth
3D pose as particles in the context of thermodynamics,
where particles can be neatly gathered and form a clear
pose with low indeterminacy at the start; then eventually
these particles stochastically spread over the space, leading
to high indeterminacy. This process of particles evolving
from low indeterminacy to high indeterminacy is the for-
ward diffusion process. The pose estimation task aims to
perform precisely the opposite of this process, i.e., the re-
verse diffusion process. We receive an initial 2D pose that
is indeterminate and uncertain in 3D space, and we want
to shed the indeterminacy to obtain a determinate 3D pose
distribution containing high-quality solutions.

Overall, our DiffPose framework consists of two oppo-
site processes: the forward process and the reverse process,
as shown in Fig. 1. In short, the forward process generates
supervisory signals of intermediate distributions for training
purposes, while the reverse process is a key part of our 3D
pose estimation pipeline that is used for both training and
testing. Specifically, in the forward process, we gradually
diffuse a “ground truth” 3D pose distribution H, with low
indeterminacy towards a 3D pose distribution with high in-
determinacy that resembles the 3D pose’s underlying uncer-
tainty distribution Hx. We obtain samples from the inter-
mediate distributions along the way, which are used during
training as step-by-step supervisory signals for our diffu-
sion model g. To start the reverse process, we first initialize
the indeterminate 3D pose distribution (H ) according to
the underlying uncertainty of the 3D pose. Then, our diffu-
sion model g is used in the reverse process to progressively
transform H g into a 3D pose distribution with low indeter-
minacy (Hj). The diffusion model g is optimized using the
samples from intermediate distributions (generated in the
forward process), which guide it to smoothly transform the
indeterminate distribution H g into accurate predictions.

However, there are several challenges in the above for-
ward and reverse process. Firstly, in 3D pose estimation,
we start the reverse diffusion process from an estimated 2D
pose which has high uncertainty in 3D space, instead of
starting from random noise like in existing image genera-
tion diffusion models [12,38]. This is a significant differ-
ence, as it means that the underlying uncertainty distribution
of each 3D pose can differ. Thus, we cannot design the out-
put of the forward diffusion steps to converge to the same
Gaussian noise like in previous image generation diffusion
works [12, 38]. Moreover, the uncertainty distribution of
3D poses can be irregular and complicated, making it hard
to characterize via a single Gaussian distribution. Lastly,
it can be difficult to perform accurate 3D pose estimation

with just Hx as input. This is because our aim is not just to
generate any realistic 3D pose, but rather to predict accurate
3D poses corresponding to our estimated 2D poses, which
often requires more context information to achieve.

To address these challenges, we introduce several novel
designs in our DiffPose. Firstly, we initialize the indetermi-
nate 3D pose distribution H i based on extracted heatmaps,
which captures the underlying uncertainty of the desired 3D
pose. Secondly, during forward diffusion, to generate the
indeterminate 3D pose distributions that eventually (after
K steps) resemble H, we add noise to the ground truth
3D pose distribution Hy, where the noise is modeled by
a Gaussian Mixture Model (GMM) that characterizes the
uncertainty distribution Hg. Thirdly, the reverse diffusion
process is conditioned on context information from the in-
put video or frame in order to better leverage the spatial-
temporal relationship between frames and joints. Then, to
effectively use the context information and perform the pro-
gressive denoising to obtain accurate 3D poses, we design a
GCN-based diffusion model g.

The contributions of this paper are threefold: (i) We pro-
pose DiffPose, a novel framework which represents a new
brand of method with the diffusion architecture for 3D pose
estimation, which can naturally handle the indeterminacy
and uncertainty of 3D poses. (ii) We propose various de-
signs to facilitate 3D pose estimation, including the initial-
ization of 3D pose distribution, a GMM-based forward dif-
fusion process and a conditional reverse diffusion process.
(iii) DiffPose achieves state-of-the-art performance on two
widely used human pose estimation benchmarks.

2. Related Work

3D Human Pose Estimation. Existing monocular 3D
pose estimation methods can roughly be categorized into
two groups: frame-based methods and video-based ones.
Frame-based methods predict the 3D pose from a single
RGB image. Some works [7-9,30,31,42] use Convolutional
Neural Networks (CNNs) to output a human pose from the
RGB image, while many works [26,46,51,52] first detect
the 2D pose and then use it to regress the 3D pose. On the
other hand, video-based methods tend to exploit temporal
dependencies between frames in the video clip. Most video-
based methods [2, 3,06, 10, 14,32, 34,35,44,45, 54] extract
2D pose sequences from the input video clip via a 2D pose
detector, and focus on distilling the crucial spatial-temporal
information from these 2D pose sequences for 3D pose es-
timation. To encode spatial-temporal information, existing
works explore CNN-based frameworks with temporal con-
volutions [3, 32], GCNs [2, 6], or Transformers [34, 54].
Notably, several works [17,19,36] aim to alleviate the un-
certainty and indeterminacy in 3D pose estimation by de-
signing models that can generate multiple hypothesis solu-
tions from a single input. Different from all the aforemen-



tioned works, DiffPose is formulated as a distribution-to-
distribution transformation process, where we train a dif-
fusion model to smoothly denoise from the indeterminate
pose distribution to a pose distribution with low indetermi-
nacy. By framing the 3D pose estimation procedure as a
reverse diffusion process, DiffPose can naturally handle the
indeterminacy and uncertainty for 3D pose estimation.

Denoising Diffusion Probabilistic Models (DDPMs).
DDPMs (called diffusion models for short) have emerged
as an effective approach to learn a data distribution that
is straightforward to sample from. Introduced by Sohl-
Dickstein et al. [37] for image generation, DDPMs have
been further simplified and accelerated [12, 38], and en-
hanced [1, 28,29, 53] in recent years. Previous works have
explored applying diffusion models to various generation
tasks, including image inpainting [25] and text generation
[20]. Here, we explore using diffusion models to tackle 3D
pose estimation with our DiffPose framework. Unlike these
generation tasks [20,25] that often start the generation pro-
cess from random noise, our pose estimation process starts
from an estimated 2D pose with uncertainty and indeter-
minacy in 3D space, where the uncertainty distribution dif-
fers for each pose and can also be irregular and difficult to
characterize. We also design a GCN-based architecture as
our diffusion model g, and condition it on spatial-temporal
context information to aid the reverse diffusion process and
obtain accurate 3D poses.

3. Background on Diffusion Models

Diffusion models [12,38] are a class of probabilistic gen-
erative models that learn to transform noise hx ~ N(0,1)
to a sample hg by recurrently denoising hg, i.e., (hg —
hk_1 — ... = hg). This denoising process is called
reverse diffusion. Conversely, the process (hg — h; —

.. = hg) is called forward diffusion.

To allow the diffusion model to learn the reverse diffu-
sion process, a set of intermediate noisy samples {hk}i(:_ll
are needed to bridge the source sample hy and the Gaus-
sian noise h . Specifically, forward diffusion is conducted
to generate these samples, where the posterior distribution
q(hi1.x|ho) from hg to h is formulated as:

K
q(h1.x|ho) : H (hklhk=1) (1)

q(hi|hk—1) := Npar (hi| hk 1, (1 - )I) 2)

Q-1

where N4r (hy|-) refers to the likelihood of sampling hy,

conditioned on the given parameters, and o1.x € (0, I]K is
a fixed decreasing sequence that controls the noise scaling
at each diffusion step. Using the known statistical results
for the combination of Gaussian distributions, the posterior
for the diffusion process to step k£ can be formulated as:

a(hlho) = / a(hielho)dhises

=Npar (hx|y/axho, (1 — ax)I). 3)

Thus, hj, can be expressed as a linear combination of the
source sample h( and a noise variable ¢, where each element
of € is sampled from A (0, 1), as follows:

hi = Varho + /(1 — an)e. @

Hence, when a long decreasing sequence . i is set such
that a i = 0, the distribution of / x will converge to a stan-
dard Gaussian, i.e., hx ~ N(0,I). This indicates that the
source signal hy will eventually be corrupted into Gaussian
noise, which conforms to the non-equilibrium thermody-
namics phenomenon of the diffusion process [37].

Using the sample /g and noisy samples {hk}le gener-
ated by forward diffusion, the diffusion model g (which is
often a deep network parameterized by 6) is optimized to
approximate the reverse diffusion process. Specifically, al-
though the exact formulations may differ [12,37, 38], each
reverse diffusion step can be expressed as a function f that
takes in hj and diffusion model g as input to generate an
output hy_1 as follows:

hi—1 = f(hk, g)- (5)

Finally, during testing, a Gaussian noise hx can be eas-

ily sampled, and the reverse diffusion step introduced in

Eq. 5 can be recurrently performed to generate a high-
quality sample kg using the trained diffusion model g.

4. Proposed Method: DiffPose

Given an RGB image frame I; or a video clip V; =
{IL }thf 7 the goal of 3D human pose estimation is to
predict the 3D coordinates of all the J keypoints of the hu-
man body in /;. In this paper, inspired by diffusion-based
generative models that can recurrently shed the indetermi-
nacy in an initial distribution (e.g., Gaussian distribution) to
reconstruct a high-quality determinate sample, we frame the
3D pose estimation task as constructing a determinate 3D
pose distribution (Hj) from the highly indeterminate pose
distribution (H k) via diffusion models, which can handle
the uncertainty and indeterminacy of 3D poses.

As shown in Fig. 2, we conduct pose estimation in two
stages: (i) Initializing the indeterminate 3D pose distribu-
tion Hx based on extracted heatmaps, which capture the
underlying uncertainty of the input 2D pose in 3D space;
(ii) Performing the reverse diffusion process, where we use
a diffusion model g to progressively denoise the initial dis-
tribution H g to a desired high-quality determinate distribu-
tion Hy, and then we can sample ho € R3*” from the pose
distribution H to synthesize the final 3D pose h.

In Sec. 4.1, we describe how to initialize the 3D distribu-
tion H g from an input 2D pose that effectively captures the
uncertainty in the 3D space. Then, we explain our forward



=1 g

89 . .

29 fsr: Spatial-temporal context feature Diffusion model g

o &

= o
> s& !

= fsr . f% . The k*" diffusion step embedding
== A _

the k" conditional reverse diffusion step
’hl hl )
J—
o —’LI-. m . 1. R
hig o oo Z oo 7 o h2
1 —EI—> Qo bt =1
e ~ Depth y k=K 2 228 22 2 2 | k=0 v 4 v
distribution l‘ Y - S5 g. eee 55 g c
s < < < 3 s 5 < H &
o o 0O SIS o o .
e HE S 2 ] A 7
X z . & ] nY X X
Initial XYZ Pose I-' - LI" Determinate XYZ Final XYZ
* distribution Hy \ = b, Pose distribution Hy pose hg

Figure 2. Illustration of our DiffPose framework during inference. First, we use the Context Encoder ¢ g7 to extract the spatial-temporal
context feature fs7 from the given 2D pose sequence. We also generate diffusion step embedding f5 for each k%" diffusion step. Then,
we initialize the indeterminate pose distribution H i using heatmaps derived from an off-the-shelf 2D pose detector and depth distributions
that can either be computed from the training set or predicted by the Context Encoder ¢s7. Next, we sample N noisy poses {h’ }¥; from
H i, which are required for performing distribution-to-distribution mapping. We feed these N poses into the diffusion model K times,
where diffusion model g is also conditioned on fsr and fF at each step, to obtain { hé}ﬁil which represents the high-quality determinate
distribution Hy. Lastly, we use the mean of {hé}f\’zl as our final 3D pose hs.

diffusion process in Sec. 4.2 and the reverse diffusion pro-
cess in Sec. 4.3. After that, we present the detailed training
and testing process in Sec. 4.4. Finally, the architecture of
our diffusion network is detailed in Sec. 4.5.

4.1. Initializing 3D Pose Distribution Hx

In previous diffusion models [ 1, 12,38], the reverse dif-
fusion process often starts from random noise, which is pro-
gressively denoised to generate a high-quality output. How-
ever, in 3D pose estimation, our input here is instead an
estimated 2D pose that has its own uncertainty character-
istics in 3D space. To aid our diffusion model in handling
the uncertainty and indeterminacy of each input 2D pose
in 3D space, we would like to initialize a corresponding 3D
pose distribution H i that captures the uncertainty of the 3D
pose. Thus, the reverse diffusion process can start from the
distribution Hx with sample-specific knowledge (in con-
trast to Gaussian noise with no prior information), which
leads to better performance. Below, we describe how we
construct the x, y, and z uncertainty distribution for each
joint of an input pose.

Initializing (z, y, z) distribution. Intuitively, the x and
y uncertainty distribution contains information regarding
the likely regions in the image where the joints are located,
and can roughly be seen as the outcome of “outwards” dif-
fusion from the ground-truth positions. It can be difficult to
capture such 2D pose uncertainty distributions, which are
often complicated and also vary for different joints of the
given pose. To address this, we take advantage of the avail-
able prior information to model the uncertainty of the 2D
pose. Notably, the 2D pose is often estimated from the im-
age with an off-the-shelf 2D pose detector (e.g., CPN [4]),
which first extracts heatmaps depicting the likely area on the
image where each joint is located, before making predic-
tions of 2D joint locations based on the extracted heatmaps.

Therefore, these heatmaps naturally reveal the uncertainty
of the 2D pose predictions. Hence, for the input 2D pose,
we use the corresponding heatmaps from the off-the-shelf
2D pose detector as the x and y distribution.

However, we are unable to obtain the z distribution in
the same way, as it is not known by the 2D pose detec-
tor. Instead, one way we can compute the z distribution is
by calculating the occurrence frequencies of z values in the
training data, where we obtain a histogram for every joint.
We also explore another approach, where the uncertain z
distribution is initialized using the Context Encoder (which
is introduced in Sec. 4.3), which we empirically observe to
lead to faster convergence.

4.2. Forward Pose Diffusion

After initializing the indeterminate distribution H g, the
next step in our 3D pose estimation pipeline is to progres-
sively reduce the uncertainty (Hx — Hg—1 — ... = Hp)
using the diffusion model g through the reverse diffusion
process. However, to attain the progressive denoising capa-
bility of the diffusion model g, we require “ground truth”
intermediate distributions as supervisory signals to train g.
Here, we obtain samples from these intermediate distribu-
tions via the forward diffusion process, where we take a
ground truth 3D pose distribution Hy and gradually add
noise to it, as shown in Fig. 1. Specifically, given a desired
determinate pose distribution H(, we define the forward dif-
fusion process as (Hy — H; — ... = Hg), where K is
the maximum number of diffusion steps. In this process,
we aim to progressively increase the indeterminacy of H
towards the underlying pose uncertainty distribution Hx as
obtained in Sec. 4.1, such that we can obtain samples from
intermediate distributions that correspond to Hi, ..., Hg,
which will allow us to optimize the diffusion model g to
smoothly perform the step-by-step denoising.



DiffPose Forward Diffusion. For DiffPose, we do not
want to diffuse our 3D pose towards a standard Gaussian
noise. This is because our indeterminate distribution H is
not random noise, but is instead a (x, y, z) distribution ac-
cording to the 3D pose uncertainty, and has more complex
characteristics. This has several implications. For example,
the region of uncertainty for each joint and each coordinate
of the initial pose distribution Hx can be different. Sec-
ondly, the mean locations of all joints should not be treated
as equal to the origin (i.e., 0 along all dimensions), due to
the constraints of the body structure. Due to these reasons,
the basic generative diffusion process (in Sec. 3) cannot ap-
propriately model the uncertainty of the initialized pose dis-
tribution H g (as described in Sec. 4.1) for our 3D pose es-
timation task, which motivates us to design a new forward
diffusion process.

Designing such a forward diffusion process can be chal-
lenging, because the uncertainty distribution H g, which is
based on heatmaps, often has irregular and complex shapes,
and it is not straightforward to express H x mathematically.
To overcome this, we propose to use a Gaussian Mixture
Model (GMM) to model the uncertainty distribution H g
for 3D pose estimation, as it can characterize intractable
and complex distributions [18, 28], and is very effective to
represent heatmap-based distributions [43]. Then, based on
the fitted GMM model, we perform a corresponding GMM-
based forward diffusion process. Specifically, we set the
number of Gaussian components in the GMM at M, and use
the Expectation-Maximization (EM) algorithm to optimize
the GMM parameters ¢gasas to fit the target distribution
H g as follows:

N, Vi M .
max [T muNar (hiclim, Sm),  (©)

PG MM =1

where h}(, . h%GMM are Ngpyy poses sampled
from the pose distribution Hg, and oguym =
{p1, 51,71, ooy orr, Spa, s} refers to the GMM  pa-
rameters. Here, p,, € R3/ and ,, € R3/*3/ are the
mean values and covariance matrix of the m** Gaussian
component. m, € [0,1] is the probability that any
sample h%; is drawn from the m'" mixture component
(Zfr]\r/le Tm = 1).

Next, we want to run the forward diffusion process on the
ground truth pose distribution Hy such that after K steps,
the generated noisy distribution becomes equivalent to the
fitted GMM distribution ¢gasar, Wwhich we henceforth de-
note as H because it is a GMM-based representation of
Hg . To achieve this, we can modify Eq. 4 as follows:

hi = p€ + Vag(ho — p%) + /(T —ax) - (D)

where hy, is a generated sample from the generated distribu-
tion Hj, (which does not have a superscript since it describes

how to generate a single sample), u& = an\le 1, s
€% ~ N(0, Z%Zl(lmEm)), and 1,,, € {0,1} is a binary
indicator for the m'" component such that ng:l 1, =1
and Prob(l,, = 1) = m,. In other words, we first
select a component M via sampling according to the re-
spective probabilities 7,,, and set only 1,; to 1. Then,
we sample the Gaussian noise from that component 1m us-
ing ps and X5. Notably, as ax =~ 0, ﬁK is drawn
from the fitted GMM model, i.e., BK = uG + ¢~
NEM L Lnpn), M (1,,3,,)). Thus, this allows us
to generate samples from {I;f L H K } as supervisory sig-
nals. More details can be found in Supplementary.

4.3. Reverse Diffusion for 3D Pose Estimation

As shown in Fig. 1, the reverse diffusion process aims to
recover a determinate 3D pose distribution Hy from the in-
determinate pose distribution H i, where H i has been dis-
cussed in Sec. 4.1. In the previous subsection, we represent
Hy via a GMM model to generate intermediate distribu-
tions {H1, ..., Hx }. Here, we use these distributions to op-
timize our diffusion model g (parameterized by ) to learn
the reverse diffusion process (I:IK " ﬁl — Hy),
and progressively shed the indeterminacy from Hy to re-
construct the determinate source distribution Hy. The ar-
chitecture of the diffusion model g is described in Sec. 4.5.

Context Encoder ¢gsr. However, it is difficult to di-
rectly perform the reverse diffusion process using only Hy
as the input of the diffusion model g. This is because g
will not observe much context information from the in-
put videos/images, leading to difficulties for g to gener-
ate accurate poses from the indeterminate distribution H .
Therefore, we propose to utilize the available context in-
formation from the input to guide g to achieve more accu-
rate predictions. The context information can constrain the
model’s denoising based on the observed inputs, and guide
the model to produce more accurate predictions.

Specifically, to guide the diffusion model g, we leverage
the spatial-temporal context. The context information can
be extracted from the 2D pose sequence derived from V; (or
just a single 2D pose derived from I if V; is not available).
This context information aids the reverse diffusion process,
providing additional information to the diffusion model g
that helps to reduce uncertainty and generate more accurate
3D poses. To achieve that, we introduce the Context En-
coder ¢ g7 to extract spatial-temporal information fsp from
the 2D pose sequence, and condition the reverse diffusion
process on fsr (as shown in Fig. 2).

Reverse Diffusion Process. Overall, our reverse diffu-
sion process aims to recover a determinate pose distribution
Hy from the indeterminate pose distribution Hy (during
training) or H (during testing). Here, we describe the re-
verse diffusion process during training and use Hy nota-
tion. We first use Context Encoder ¢ g7 to extract fgr from



the 2D pose sequence. Moreover, to allow the diffusion
model to learn to denoise samples appropriately at each dif-
fusion step, we also generate the unique step embedding f5
to represent the k' diffusion step via the sinusoidal func-
tion. Then, for a noisy pose hy, sampled from H,, we use
diffusion model g, conditioned on the diffusion step k and
the spatial-temporal context feature fgp, to progressively

reconstruct hy_; from iLk as follows:
Ith*I :gG(iLk7fSTafg)7 ke{lva} (8)

4.4. Overall Training and Testing Process

Overall, for each sample during training, we (i) initialize
Hy; (i) use Hy and Hg to generate supervisory signals
{ﬁl, - fIK} via the forward process; (iii) run K steps of
the reverse process starting from Hy and optimize with our
generated signals. During testing, we (i) initialize H; (ii)
run K steps of the reverse process starting from Hy to ob-
tain final prediction h,. More details are described below.

Training. First, from the input sequence V; (or frame
I;), we extract the 2D heatmaps together with the esti-
mated 2D pose via an off-the-shelf 2D pose detector [4].
Then, we compute the z distribution, either from the train-
ing set or predicted by the Context Encoder ¢gp. After
that, we initialize H g based on the 3D distribution for each
joint and use the EM algorithm to get the best-fit GMM
parameters daarar = {H1, 21, 71y ooy by Bar, Tas b fOT
Hpy . Based on ¢garar, we use the ground truth 3D pose
ho to directly generate N sets of iLl,...,iLK via Eq. 7,
ie, {{h, ,B}(}}Zj\il Specifically, we first sample a
component 7’ for each i*" set according to probabilities
{mm }M_,, and use the /’-th Gaussian component to di-
rectly add noise for the i set {h%, ..., h% }. Next, we ex-
tract the spatial-temporal context fgp using the Context En-
coder ¢gr. Then, we want to optimize the model parame-
ters ¢ to reconstruct ﬁ};_l from B% in a step-wise manner.
Following previous works on diffusion models [2,38], we
formulate our loss £ as follows (where hé = hg for all 7):

N K N N
£=3 > ng(hly fsm, D) — hia

i=1 k=1

2
. )
2

Testing. Similar to the start of the training procedure,
during testing we first initialize Hy and also extract fgr.
Then, we perform the reverse diffusion process, where we
sample N poses from Hy (hk-, h%, ..., h%) and recurrently
feed them into diffusion model g for K times, to obtain N
high-quality 3D poses (hg, h3, ..., h)’). We need N noisy
poses here, because we are mapping from a distribution to
another distribution. Then, to obtain the final high-quality
and reliable pose hg, we calculate the mean of the N de-
noised samples {h{, ..., hi'}.

4.5. DiffPose Architecture

Our framework consists of two sub-networks: a diffu-
sion network (g) that performs the steps in the reverse pro-
cess and a Context Encoder (¢g7) that extracts the context
feature from the 2D pose sequence (or frame).

Main Diffusion Model g.  We adopt a lightweight
GCN-based architecture for g to perform 3D pose estima-
tion via diffusion, which is modified from [52]. The graph
convolution layer treats the human skeleton as a graph (with
joints as the nodes), and effectively encodes topological in-
formation between joints for 3D human pose estimation.
Moreover, we interlace GCN layers with Self-Attention lay-
ers, which can encode global relationships between non-
adjacent joints and allow for better structural understand-
ing of the 3D human pose as a whole. As shown in Fig. 2,
our diffusion model g mainly consists of 3 stacked GCN-
Attention Blocks with residual connections, where each
GCN-Attention Block comprises of two standard GCN lay-
ers and a Self-Attention layer. A GCN layer is added at the
front and back of these stacked GCN-Attention Blocks to
control the embedding size of GCN-Attention Blocks.

Specifically, the starting GCN layer maps the input
hi € R7*3 to a latent embedding £ € R7*128. On the
other hand, we extract spatial-temporal context information
fsr € R7X128 In order to provide information to the
model regarding the current step number k, we also gen-
erate a diffusion step embedding f¥ € R7*256 using the
sinusoidal function. Then, we combine these embeddings to
form features v; € R7*2°6, where F and fg7 are first con-
catenated along the second dimension, before adding f5 to
the result. Features v are then fed into the stack of 3 GCN-
Attention Blocks, which all have the exact same structure.
The output features from the last GCN-Attention Block are
fed into the final GCN layer to be mapped into an output
pose hy_1 € R7*3. Then, we feed hj_1 back to g as in-
put again to perform another reverse step. At the final K-th
step, we obtain an output pose hy € R7*3,

Context Encoder ¢s7. In this paper, we leverage
a transformer-based network [49] to capture the spatial-
temporal context information in the 2D pose sequence V;.
Note that, if we do not have the video, we only input a sin-
gle frame I, and utilize [52] instead.

5. Experiments

We evaluate our method on two widely used datasets for
3D human pose estimation: Human3.6M [15] and MPI-
INF-3DHP [27]. Specifically, we conduct experiments to
evaluate the performance of our method in two scenarios:
video-based and frame-based 3D pose estimation.

Human3.6M [15] is the largest benchmark for 3D hu-
man pose estimation, consisting of 3.6 million images cap-
tured from four cameras, where 15 daily activities are per-



formed by 11 subjects. For video-based 3D pose estima-
tion, we follow previous works [3, 24, 32] to train on five
subjects (S1, S5, S6, S7, S8) and test on two subjects (S9
and S11). For frame-based 3D pose estimation, we follow
[46,51,52] to train on (S1, S5, S6, S7, S8) subjects and test
on (S9, S11) subjects. We report the mean per joint posi-
tion error (MPJPE) and Procrustes MPJPE (P-MPJPE). The
former computes the Euclidean distance between the pre-
dicted joint positions and the ground truth positions. The
latter is the MPJPE after the predicted results are aligned
to the ground truth via a rigid transformation. Due to page
limitations, we move P-MPJPE results to Supplementary.

MPI-INF-3DHP [27] is a large 3D pose dataset captured
in both indoor and outdoor environments, with 1.3 million
frames. Following [3,22,27,54], we train DiffPose using all
activities from 8 camera views in the training set and eval-
uate on valid frames in the test set. Here, we report metrics
of MPJPE, Percentage of Correct Keypoints (PCK) with the
threshold of 150 mm, and Area Under Curve (AUC) for a
range of PCK thresholds to compare our performance with
other methods on the video-based setting.

Implementation Details. We set the number of pose
samples N to 5 and number of reverse diffusion steps K to
50. We fit Hx via a GMM model with 5 kernels (M =5)
for forward diffusion, and accelerate our diffusion inference
procedure for all experiments via an acceleration technique
DDIM [38], where only five steps are required to complete
the reverse diffusion process. For video pose estimation, we
set the Context Encoder ¢ g7 to follow [49], and for frame-
based pose estimation, we set ¢gr to follow [52]. The
Context Encoder ¢gr is pre-trained on the training set to
predict (z,y, z), then frozen during diffusion model train-
ing; we use it to produce features fg7 and also to initialize
the z distribution. For video-based pose estimation, we fol-
low [2,32] to use detected 2D pose (using CPN [4]) and
ground truth 2D pose on Human3.6M, and use ground truth
2D pose on MPI-INF-3DHP. For frame-based pose estima-
tion, we follow [51,52] to use the 2D pose detected by [4]
and ground truth 2D pose to conduct experiments on Hu-
man3.6M. More details are in Supplementary.

5.1. Comparison with State-of-the-art Methods

Video-based Results on Human3.6M. We follow [32,

,49] to use 243 frames for 3D pose estimation and com-
pare our method against existing works on Human3.6M in
Tab. 1. As shown in the top of Tab. 1, our method achieves
the best MPJPE results using the detected 2D pose, and sig-
nificantly outperforms the SOTA method [49] by around
4 mm. This shows that DiffPose can effectively improve
monocular 3D pose estimation. Moreover, we also conduct
experiments using the ground truth 2D pose as input, and re-
port our results at the bottom of Tab. 1. Our DiffPose again
outperforms all previous methods by a large margin.

Table 1. Video-based results on Human3.6M in millimeters under
MPIJPE. Top table shows the results on detected 2D poses. Bottom
table shows the results on ground truth 2D poses.

MPJPE(CPN)‘ Dir Disc Eat Greet Phone Photo Pose Pur Sit SitD Smoke Wait WalkD Walk WalkT‘Avg

Pavllo [32] [45.246.7433 45.6 48.1 55.1 446443573658 47.1 440 49.0 32.8 33.9 [46.8
Liu [24] 41.844.841.1 449 474 54.1 434422562636 453 435 453 313 322 {451
Zeng [48]  [46.647.143.9 41.6 458 49.6 46.540.053.461.1 46.1 42.6 43.1 315 326 @44.8
Zheng [54] [41.544.839.8 425 465 51.6 42.142.053360.7 455 43.3 46.1 31.8 322 |44.3
Li[19] 39.243.140.1 40.9 449 51.2 40.641.353.560.3 43.7 41.1 438 29.8 30.6 [43.0
Shan [34]  [38442.139.8 402 452 48.9 40.438.353.857.3 439 41.6 422 293 293 [42.1
Zhang [49] [37.640.9373 39.7 423 49.9 40.139.851.7550 42.1 39.8 41.0 27.9 27.9 [40.9

Ours [33.236.633.0 35.6 37.6 45.1 35.735.546.449.9 37.3 356 36.5 244 24.1 [36.9

MPJPE(GT) ‘ Dir Disc Eat Greet Phone Photo Pose Pur Sit SitD Smoke Wait WalkD Walk Wa]kT‘Avg

Pavllo [32] |35.240.232.7 35.7 382 45.5 40.636.148.847.3 37.8 39.7 38.7 27.8 29.5 [37.8
Liu [24] 34.537.133.6 342 329 37.1 39.635.840.741.4 33.0 33.8 33.0 26.6 269 34.7
Zeng [45] 34.832.128.5 30.7 31.4 36.9 35.630.538.940.5 32.5 31.0 29.9 22.5 245 32.0
Zheng [54] 30.033.629.9 31.0 30.2 33.3 34.831.437.838.6 31.7 31.5 29.0 23.3 23.1 313
Li[19] 27.732.129.1 289 30.0 33.9 33.031.237.039.3 30.0 31.0 294 222 23.0 [30.5
Shan [34] 28.530.128.6 27.9 29.8 33.2 31.327.836.037.4 29.7 29.5 28.1 21.0 21.0 [29.3
Zhang [49]  [21.622.020.4 21.0 20.8 24.3 24.721.926924.9 21.2 21.5 208 14.7 15.7 21.6

Ours ‘18.619.318.0 18.4 183 21.5 21.519.123.622.3 18.6 18.8 18.3 12.8 13.9 ‘18.9

Table 3. Frame-based results on Human3.6M in millimeters under
MPJPE. Top table shows the results on detected 2D poses. Bottom
table shows the results on ground truth 2D poses.

MPJPE(CPN)| Dir Disc Eat Greet Phone Photo Pose Pur St SitD Smoke Wait WalkD Walk WalkT|Avg

Pavlakos [31]]67.471.966.7 69.1 72.0 77.0 65.068.383.796.5 71.7 658 74.9 59.1 63.2 [71.9
Martinez [26]51.8 56.258.1 59.0 69.5 78.4 55.258.174.094.6 62.3 59.1 65.1 49.5 524 (629
Sun [41] 52.854.854.2 543 61.8 53.1 53.671.786.761.5 67.2 534 47.1 61.6 53.4 |59.1
Yang [47] 51.558.950.4 57.0 62.1 654 49.852.769.285.2 574 58.4 43.6 60.1 47.7 |58.6
Hossain [13] 48.450.757.2 552 63.1 72.6 53.051.766.180.9 59.0 57.3 62.4 46.6 49.6 |58.3
Zhao [51] 48.260.851.8 64.0 64.6 53.6 51.167.488.757.7 73.2 65.6 489 648 51.9 [60.8

Liu [23] 46.352.247.3 50.7 55.5 67.1 49.246.060.471.1 51.5 50.1 54.5 40.3 43.7 |52.4
Xu [46] 45.249.947.5 50.9 54.9 66.1 48.546.359.771.5 51.4 48.6 53.9 399 44.1 |51.9
Zhao [52] 45.250.848.0 50.0 54.9 65.0 48.247.160.270.0 51.6 48.7 54.1 39.7 43.1 |51.8
Ours ‘42.8 49.145.2 48.7 52.1 63.5 46.345.258.666.3 504 47.6 52.0 37.6 40.2 ‘49.7

MPIPE(GT) ‘Dir Disc Eat Greet Phone Photo Pose Pur Sit SitD Smoke Wait WalkD Walk WalkT‘Avg

Martinez [26](37.744.440.3 42.1 48.2 54.9 44.442.154.658.0 45.1 464 47.6 364 404 [45.5
Hossain [13] [35.240.837.2 37.4 432 44.0 38.935.642.344.6 39.7 39.7 40.2 328 35.5 (39.2
Zhao [51] 37.849.437.6 40.9 45.1 41.4 40.148.350.142.2 53.5 44.3 40.5 47.3 39.0 43.8

Liu [23] 36.840.333.0 36.3 37.5 45.0 39.734.940.347.7 374 385 386 29.6 32.0 37.8
Xu [46] 35.838.131.0 35.3 35.8 43.2 37.331.738.4455 354 36.7 36.8 279 30.7 35.8
Zhao [52]  [32.038.0304 34.4 347 43.3 35231.438.0462 342 357 36.1 274 306 352
Ours ‘28.8 32.727.8 30.9 32.8 38.9 32.228.333.341.0 31.0 32.1 315 259 275 ‘31.6

Video-based Results on Table 2. Video-based results
MPI-INF-3DHP. We also on MPI-INF-3DHP.
evaluate our method on MPI- Method [PCK { AUC T MPIPE |
INF-3DHP. Here, we use 81 pavio[32]] 860 519 84.0
frames as our input due to the Wang[*4]]86.9 621 ~ 68.1

. . Zheng[54]| 88.6 564  77.1
shorter video length of this ;0] |o38 633 580
dataset. The results in Tab. 2 Zhang[49]] 944 665  54.9
demonstrate that our method ous | 980 759 291
achieves the best performance, showing the efficacy of our
DiffPose in improving performance in outdoor scenes.

Frame-based Results on Human3.6M. To further in-
vestigate the efficacy of DiffPose, we evaluate it in a more
challenging setting: frame-based 3D pose estimation. Here,
we only extract context information from the single input
frame via our Context Encoder ¢gp. Our results on Hu-
man3.6M are reported in Tab. 3. As shown at the top of
Tab. 3, our DiffPose surpasses all existing methods in aver-
age MPJPE using detected 2D poses. At the bottom of Tab.
3, we observe that DiffPose also outperforms all methods
with a large margin when ground truth 2D poses are used.

Qualitative results. In the first four columns of Fig. 3,




DiffPose(k=15) DiffPose(k=10)  DiffPose(k=5) DiffPose(k=0)

% 85325

Figure 3. Qualitative results. Red colored 3D pose corresponds to
the ground truth. Under occlusion, our DiffPose predicts a pose
that is more accurate than previous methods (circled in orange).

MixSTE [49]

we provide visualizations of the reverse diffusion process,
where the step k decreases from 15 to 0. We observe that
DiffPose can progressively narrow down the gap between
the sampled poses and the ground-truth pose. Moreover, we
compare our method with the current SOTA method [49],
which shows that our method can generate more reliable
3D pose solutions, especially for ambiguous body parts.

5.2. Ablation Study

To verify the impact of each proposed design, we con-
duct extensive ablation experiments on Human3.6M dataset
using the detected 2D poses in the video-based setting.

Impact of Diffusion Process. Table 4. Ablation study for
We first evaluate the diffusion diffusion pipeline.
process’s effectiveness.  Here Method MPJPE _ P-MPJPE
we build two baseline models: EZ;Z}EZQ iﬁ ;;;
(1) Baseline A: It has the same Djffpose 36.9 286
structure as our diffusion model but the 3D pose estima-
tion is conducted in a single step. (2) Baseline B: It has
the nearly same architecture as our diffusion model but the
diffusion model is stacked multiple times to approximate
the computational complexity of DiffPose. Note that both
baselines are optimized to predict 3D human pose instead of
learning the reverse diffusion process. We report the results
of the baselines and DiffPose in Tab. 4. The performance
of both baselines are much worse than our DiffPose, which
indicates that the performance improvement of our method
comes from the designed diffusion pipeline.

Impact of GMM. To vali- Table 5. Ablation study for
date the effect of the GMM de- GMM design
sign, we consider two alterna- Method MPIPE _ P-MPIJPE
tive ways to train our diffusion (S;ﬁlﬁgngl) 22(1) 2;;
model: (1) Stand-Diff: we di- GMMDIf(M=5) | 369 286

. GMM-Diff(M=9) 36.5 28.5

rectly adopt the basic forward

diffusion process introduced in Eq. 4 for model training.
(2) GMM-Diff: we utilize GMM to fit the initial 3D pose
distribution Hy to generate intermediate distributions for
model training. Moreover, we test the number of kernels
in GMM M (from 1 to 9) to investigate the characteris-
tics of GMM in pose diffusion. We report the results with
different M in Tab. 5. Experiments show that our GMM-
based design significantly outperforms the baseline Stand-
Diff, which shows the effectiveness of using a GMM to
approximate Hx. Moreover, we can observe that using 5
kernels (M = 5) is sufficient to effectively capture the un-

certainty distribution.

Impact of context fs7. Table 6. Ablation study for fsr.
Another crucial component Method MPJPE P-MPJPE
to explore is the role of [34] 42.1 34.4
spatial-temporal ~ context Ouwrs+[34] | 393 31.8
fst in our method. Here, (+9] 40.9 32.6

Ours + [49] 36.9 28.7
we evaluate the perfor-
mance when using various context encoders [34, 49] to
obtain fgpr. As shown in Tab. 6, our DiffPose achieves
good performance using both models. We also find that
DiffPose significantly outperforms both context encoders,
which verifies the efficacy of our approach.

Impact of reverse diffusion 15 25 50
steps K and sample number N. To 4 \—-— Kcurve
further investigate the characteristics 38 \\\’:':z
of our pose diffusion process, we 32
conduct several experiments with
different diffusion step numbers (K) Figure 4. Evaluation of
and sample numbers (V) and plot parameters K" and N.
the results in Fig. 4. We observe that MPJPE first drops
significantly till K = 50, and shows minor improvements
when K > 50. Thus, we use 50 diffusion steps (K = 50)
in our method, which can effectively and efficiently shed
indeterminacy. On the other hand, we find that model
performance improves with the number of samples /N until
N = 5, where our performance stays roughly consistent.

Inference Speed. In Tab. 7, Table 7. Analysis of speed.
we compare the speed of Diff- Our method can rtun ef-
Pose with existing methods ficiently, yet outperforms
in terms of Frames Per Sec- SOTA significantly.

30 40 50 60 70

ond (FPS). Our DiffPose with Method MPIPE FPS
. ) Li19] 30 328
DDIM acceleration can achieve zpang [49] 409 974

a competitive speed compared gfﬂﬁgz: :;OD%?]{AM 22-; é;?
with the current SOTA [49] : —

while obtaining better performance. Moreover, even with-
out DDIM acceleration, the FPS of our model is still higher
than 170 FPS, which satisfies most real-time requirements.

6. Conclusion

This paper presents DiffPose, a novel diffusion-based
framework that handles the uncertainty and indeterminacy
in monocular 3D pose estimation. DiffPose first initial-
izes the indeterminate 3D pose distribution and then recur-
rently sheds the indeterminacy in this distribution to obtain
the final high-quality 3D human pose distribution for reli-
able pose estimation. Extensive experiments show that the
proposed DiffPose achieves state-of-the-art performance on

two widely used benchmark datasets.
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