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ABSTRACT

Pose estimation refers to tracking a human’s full body posture, including their
head, torso, arms, and legs. The problem is challenging in practical settings where
the number of body sensors is limited. Past work has shown promising results
using conditional diffusion models, where the pose prediction is conditioned on
both (location, rotation) measurements from the sensors. Unfortunately, nearly
all these approaches generalize poorly across users, primarily because location
measurements are highly influenced by the body shape of the user. In this paper, we
formulate pose estimation as an inverse problem and design an algorithm capable
of zero-shot generalization. Our idea utilizes a pre-trained diffusion model and
conditions it on rotational measurements alone; the priors from this model are then
guided by a likelihood term, derived from the measured locations. Thus, given
any user, our proposed InPose method generatively estimates the highly likely
sequence of poses that best explains the sparse on-body measurements.

1 INTRODUCTION

Human pose estimation is a crucial piece for numerous applications, including medical rehabilitation,
virtual and augmented reality (AR/VR), sports coaching, health monitoring, and performing arts.
An ecosystem of pose-estimation tools already exists. In lab settings [Stathopoulos et al.|(2024), the
environment is instrumented with visual/infrared cameras to track user pose so long as they are in the
camera’s field of view. In un-instrumented settings, such as homes or offices, virtual reality (VR)
technologies aim to achieve full-body pose tracking using VR goggles and two handheld controllers
Han et al.|(2020). The results have steadily improved Dittadi et al.| (2021); [Pavlakos et al.| (2019)
with a recent boost from generative models (e.g., conditional diffusion models |Castillo et al.[(2023))
that predicted the user’s full-body pose from just 3 sensors. Unfortunately, such proposed generative
techniques have a significant limitation; they don’t generalize well across users with varying body
shapes. A generative model trained on data from a single user can’t be used by a user with a different
body shape without fine-tuning. Authors in|Aliakbarian et al.|(2022)) try to overcome this issue by
jointly training over both pose datasets and varying body shapes, but this increases model complexity,
and there is no guarantee that all possible body shapes were accounted for during training. An
algorithm that generalizes even to body shape outliers would be ideal.

In this paper, we propose InPose, a diffusion-based method that implicitly accounts for the user’s
body shape without requiring any fine-tuning. Our core observation is that any human’s full-body
pose can be decomposed into a "scale-free pose" and a "scale-dependent” component. For human
poses, the scale-free pose can be imagined as a template human body whose skeletal joints (e.g.,
shoulders, elbows, hip, knees, etc.) are rotated appropriately to create a given pose. The scale-
dependent component is the joint locations in 3D space. Forward kinematics relates the scale-free
pose, along with the body shape, to the scale-dependent component. Since the sensors give (rotation,
location) measurements from 3 body joints, it is possible to estimate a distribution of scale-free
poses from rotational measurements alone. Then, the location measurements can be used to sharpen
this distribution to poses that best explain the measurements. This decomposition lends itself to an
inverse problem formulation, shown visually in Fig. . Using (rotation, location) measurements
from 3 body joints—head and two wrists—InPose aims to track the locations of all 22 body joints,
necessary to fully define the 3D pose of a human.
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Figure 1: (a) InPose’s input and output visualized over 4 time frames. (b) “T” pose. (c) Pose with a depiction
of the rotation angle and root translation.

InPose’s inverse problem formulation can be sketched as follows. We train a Diffusion model
conditioned on rotational measurements from existing datasets; this gives us a conditional prior over
scale-free poses. When inferring a specific user’s pose, we use the user’s body shape to scale the
scale-free pose, and compare it against location measurements to estimate the likelihood of the pose.
This likelihood term requires propagating a Gaussian random variable through a nonlinear operator.
We prove that this propagation can be approximated by a Gaussian and use the likelihood as an inverse
kinematics guidance term to guide the diffusion denoising process. The denoised result is a sequence
of full-body poses—samples from the posterior—that best explains the 3-point measurements for
that specific user. Through extensive experiments, we demonstrate promising generalization across a
wide range of body shapes and shapes on the AMASS datasetMahmood et al.|(2019).

2 MODEL AND MEASUREMENT

Body Model: Following the conventional SMPL framework |Loper et al.| (2015), we model the
human body as a graph (Fig. [Ip). The vertices of this graph are the 22 main joints in the human
skeleton; the edges are the bones connecting these joints. The 3D coordinates of the joints (in a global
reference frame) are denoted as |j € RS j e {1;::22}. The bone that connects adjacent joints lj; lx
are denoted by a vector bj.x € R® of fixed length |bjk|. Every joint Ij has a unique parent, Ip; . The
whole joint-tree has a root joint I; located at the pelvis.

The global pose of a body is fully defined by the 22 joint locations in a global reference frame. Fig[Th
shows a “T” pose and Fig[Tk shows a running pose. Intuitively, a global pose can be computed
in three steps. (1) Start with a standard “T” pose with the human located at the origin of a global
reference frame. (2) Move the root joint |y to bring the human to its correct location; the human is
still in the “T” pose, but the whole body is displaced. (3) Now, starting from joint 5, rotate each joint
based on the joint angles. Perform this sequentially down the joint tree, ensuring a parent joint p; has
been rotated before rotating joint j. These 3 steps bring us to the human’s global pose.

Eq. []models the above steps to compute joint j’s global location at time frame i.

15 (1) = lp; (i) + Rp; (i) - by;p; )
Here Rp; (i) is a global 3D rotation matrix of the parent joint. Note that the global 3D rotation matrix
for any joint j is computed as R;j (i) = Rp, (i) - ©j(i), where ©j (i) is the local 3D rotation matrix
shown in Fig. Since ©; (i) is represented as 3D rotation matrice{l, all the joint angles in the “T”

pose are identity matrices. As the human performs different poses, InPose aims to track the root
location I1 (i) and global rotation R; (i) for each of the joints.

Joint Angle Representation: While representing R;j (i) using 3D rotation matrices makes it easy
to compute joint locations, [Zhou et al.|(2019) has shown that representing them instead using the

! Other representations are possible, including axis-angle, Euler, or quaternion representation.
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6D parameterization rj(i) € R® is better for neural network training. This is due to the continuity
properties of this representation, unlike others such as quaternions or axis—angleﬂ The forward
mapping for vector rj (i) is computed as:

()= [REVG) REDG) REV(G) REDG) RED () RED (i)~

where R}k;l) (i) is the {k; 1} element of the corresponding 3D rotation matrix. There also exists a

non-linear differentiable inverse D : R® — R® 3 that maps the 6D representation to rotation matrices
(defined in Appendix. Hence, Eqbecomes: i (i) = lp; (i) +D(rp, (i) - bj;p; . We extend D to
map all |M| rotations from 6D to rotation matrices, and term this function D.

Measurements: To align with recent work in this area Zheng et al.| (2023)); |Castillo et al.| (2023)),
we use the same AMASS dataset, which contains locations and rotation angles of the head and
two wrists. These measurements can be obtained from VR goggles and handheld controllers,
which use a combination of ego-centric cameras, IMU sensors, visual SLAM algorithms, and dead
reckoning methods to estimate m locations and rotations in the global reference frame, where
mcC M = {1;::22} and |m| = 3.

3 INPosEk: INVERSE ZERO-SHOT POSE ESTIMATION

3.1 FORMULATION

We denote the noisy signal measurements from the 3 sensor joints as Ym (i) = [Im(i); rm(i)]. Here i
indexes the measurement time frames and is dropped throughout the rest of the paper unless specified.
Im(i) = I5,(i) + v(i) is the noisy location measurement, where I¥, is the noise-free joint location,
and v(i) is iid Gaussian noise. Similarly, the rotation rm (i) is also noisy. Our goal is to predict Fy,
which are the 22 global joint rotations and |y, the root’s translation. We are also provided the user’s
bone lengths bj:p, . With such sparse measurements, this is an ill-posed pose estimation problem.

As inlJiang et al.| (2022)), we simplify this problem by first assuming the root joint is stationary. We
estimate the scale-free pose defined by ry;; then scale to the correct pose defined by Iy ; and then
drag this pose until the head’s location matches the measured head location, lj,q. From this, we infer
the root translation |;. Thus, the core question boils down to sampling from the posterior p(ryp |Ym ).

Diffusion models have recently found remarkable success for these types of posterior sampling
problems. They were originally proposed as a tool for sampling from a prior distribution po(x°).
This is done by first defining a noising process p¢(X*) by injecting iid Gaussian noise of standard
deviation ¢ into it, where t € {0 : T}. Diffusion models aim to reverse this noising process by
learning the score function V,10g pe(Xt).

In our scenario, we require the conditional score Vrﬁﬂ log pt(ris|ym). One method is to use Classifier-
Free Guidance (CFG) proposed by |Ho & Salimans|(2021)). In this formulation, a conditional diffusion
model is trained to accept all the inputs Yy = [lm; 'm] for conditioning. Most previous works
Castillo et al.|(2023));'Van Wouwe et al.| (2024) use this approach and are unable to support zero-shot
generalization. This is because the (noisy) location measurements Iy, vary based on body shape—if
two people are in the same pose, their joints would share identical rotation angles, but because of
differences in bone lengths across varying body shapes, we see from Eq. [I]that the joint locations I;
will be different. Thus, a conditional model trained on one user’s data does not generalize well to
another.

To overcome this, we split the conditional score V¢, 10g pe( rialym) = Ve log Pe(riq {lm;rm})
using Bayes’ rule:

Ve, 109 pe(rig [{Im; Tm}) = Vit 10g pe(ria[Fm) + Vit 10g pe(lm[rig; rm) + 0 )
= Vye log Pe(raa[rm) + Ve, log Pe(lm[ris) 3
where we have assumed |y, and rp, are conditionally independent.

The conditional score Vt log pe(rfs|rm) is scale-free, and can be learned by a CFG-based condi-
tional diffusion model. The scale-dependent likelihood score Ve log Pe(Im|ry,) can be utilized as a

?Rotation matrices may also be used, but since they must be made unitary, output pose quality is affected.
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guidance to the prigr Chung etldl. (2023); Kawar et/al. (2022); Rozet et al. (2024); Yang et al. (2024).
This guidance is performed during inference ao@s not require any training or ne-tuning of the
generative neural networklMe use the Pseudoinverse-Guidance for Diffusion Mode(SPM) Song

et al. (2023) framework, but propose a mechanism to propagate a Gaussian random variable through
the non-linear inversB (:) function inside the likelihood term (discussed soon). This mathematically
enables the decomposition of the user's pose into a general scale-free pose (from the prior) and a user-
speci ¢ scaling factor (captured in the likelihood). Thus, our main contribution over past work—and
the key to enabling zero-shot pose-prediction—is to perform CFG wsilyghe measured rotations,

and useonly the joint locations as a pseudoinverse guidance to that CFG.

3.2 DESIGNING THELIKELIHOOD, PRIOR, AND POSTERIORTERMS

We now describe the various score terms used by our algorithm at each diffusion timestep.
CFG Prior: We train a CFG-based score mode(r}, ; t;r m) to determine the conditional score
s log p(ri, jrm) as a function of the noisy rotation inputs from the 3-point sensors. This is
then used to derive a conditionally denoised estimgtaising Tweedie's formula Efron (2011):

P1 t (i trm)

t v
fm = P

(4)
t

We adapt the same DiT Peebles & Xie (2022) transformer architecture used in BoDiffusion Castillo
et al. (2023) but modify it appropriately (details in Section 4) since we are only conditioning on
rotationr, , while BoDiffusion conditioned on both,, andl,.

Likelihood score: To compute the likelihood score,: log p(Imjr, ), we need to relate the joint

rotations to joint locations. Mathematically, we aim to minimize the likelihgbg A D (f},)ij2
whereA D () is themeasuremeraperator. RecallD () converts 22 joint rotations from the 6D
vectors to rotation matrices, ardis a linear function that uses these rotation matrices to determine
the joint location estimates. Eq. 1 had earlier shown the operatidnfof a single joint, where

R (1) = D ry(i) .

Unfortunately, two issues stand in the way of estimating the IikelihcoJSincerﬁ,I is a noisy

estimate of y , we cannot pass it through the measurement operator to dptaifo mitigate this,

we adopt ideas from GDM Song et al. (2023) to help approximaig as a Gaussian distribution.

@ SinceD(:) is a non-linear function, propagating the approximated Gaussian random variable
throughD(:) is problematic. We will prove that this propagation can also be approximated by a
Gaussian, giving us a pathway to the nal solution. Let us brie y revieBDM rst and then visit

the second step imPose .

GDM Recap Consider the general problem where we are given observatien#x® + ,n,
whereA is the measurement modaeljs unit Gaussian noise, and is the noise variance. Say we
would like to estimate?, for which we will guide a diffusion model that is denoising a nai$yat
each diffusion time step. This guidance needs to use the likelihood sgetteg p; (zjx!), which
needs to be computed through an intermediate step of marginalizatiorbasrfollows:

Z

p(zix) = p(zix%)pe(x%jx")dx° ®)

If A is a linear function and the noiseis Gaussian, thep(zjx®) N (Ax°; ,I). For the secon
termp (x%x'), GDM proposes to approximate this distributionNag’!; w?2l), where the mea
comes from a regular diffusion step. Hence, the distribupigrjx') and the corresponding likelihog
score can both be approximated by a Gaussian as follows:

pi(zix') N (ARG WEAA™ + ) (6)
@',
ax ()

Let us now return tonPose . We cannot directly apply GDM to our likelihood score
rory log p(Imjriy) since our measurement operator containsDifg function. But if D(:) is

ignored—meaning that the rotation matR¥, is somehow available—then the measurement opera-

-

r logp(zixt)  ((z ARY)” (W?AA~ + 21) 1A

4
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Figure 2:InPose pipeline: 3-point sensor rotation + location measurements are inputs. Rotations are fed to
the CFG score model, which outputs a conditional prior; location measurements estimate the likelihood, which
is used to steer diffusion.

tor in Eq. 1 becomes linear. Whén= 0, the joint locationl; becomes a matrix-vector produ€t, ,
by traversing the joint tree as follows:

[R1::Rp, ] [bz;l:::l:fpj]> = (8)

whereC = [R1::Rp J;and = [b5;::bf, 17 The matrix-vector product can be rearranged to

form (I3 >) vedC) where is the Kronecker product. We can thus obtain our linear function
A =13 ~.Plugging thisA into Eq 7 gives us the likelihood score.

Unfortunately, theD (:) function is non-linear innPose , hence the conditional distributign(zjx!)

in Eq. 6 is no longer Gaussian. However, using the following Theorem, we show that it is possible to
approximatep: (Imjri, ) as a Gaussian and compute its covariance matrix with a well-trained score
model (proof in Appendix A).

Theorem 1. We are given a Well—traiped score model that learns the score function

(ria;trm), and denoises), M% If the model ensures thgr\j“ 135 = jjr"j‘;“:ﬁjj —

1 PR3 A% = 0; 8] 2 M thenp (D(rf )irly) N (D(R,);w? w )where n isapositive
de nite matrix.

From the proof of Theorem 1, we obtain the covariance matriPf@, ) as@ov(D(f, )) = w? p -

Using this approximation, we get(D(r$ )irly) N (D(f,);w? « ), and thus

@ (M)
@

3.3 ACCOUNTING FORTRANSLATION: DIFFERENTIAL PARAMETERIZATION

Mo, logpi(miris) = ((Im A D (fy))” (WPA o A” + FI) A )” ©)

From Eq. 1, we see that all joint locations at franteave an additive dependencelg(i) due to the
kinematic chain:

X
()= (p )+ Rp (1) bep )+ Ra(i) by + 1a(i) (10)

k=3

The mappingA derived from Eqg. 8 is only valid if;(i) = 0. To enable the linear inverse guidance
formulation wheri1(i) 6 0, we use the difference between the positional measurements from each
of the 3 measured joints at evety frame. Thus, the contribution of the root translatig¢i) for

each of the measured joint locations gets canceled. However, lower body motion estimation remains
limited because there is no direct translational guidatrd@ose relies heavily on the prior learned

by the diffusion model to estimate lower body motion.

For body shapes similar to the default shape, we can use the head translation as input to the CFG
model, enabling us to estimate lower body motion. We perform experiments both with and without
head translation as a CFG-based input.
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3.4 MoDEL PIPELINE

Figure 2 summarizes tHaPose pipeline. Its objective can be summarized as performing guided
diffusion to infer a sequence of human posgs using a combination of conditioning CFG inputs
and Pseudoinverse guidance utilizing a modi e@DM likelihood score. The inputs to the algorithm
are the noisy joint rotationg » , and locations;,,, of a subset of jointsn of size3.

At each diffusion step, InPose ‘s work ow can be summarized in the following steps:

» Use the CFG score functicmrh log p(ry, jrm) conditioned on noisy rotation inputsm g ( )
to generate a conditionally denoised estinfgte
* Use GDM to estimate the likelihood score; logpt(Imjriy)-
« Combine the conditionally denoised estimate and the likelihood score using modi ed DDIM

to generate the diffusion output for the next st¢p®. The proposednPose algorithm is
described in Algorithm 1.

Algorithm 1 InPose Inference using modi ed GDM

Require: N; ; 2 [0;1];A;D()
Inputs: ym =[Im;rml; |
Find a sequence of timestegso.n Withgy =0 andgy = T
Initializery N (O;1)
fori 2 fN::1gdo

t g; s g 1 . Get start and end times
N . Get for VP-SDE
{ (rmy tirm)

fy = rM—p% . Denoised output at current iteration
q

C1 1 i . Constants for DDIM
C 1 s
wf n, Gov(ty )

g ((m A D (1) (WA o A>+ 7I) 1A@°@(7§‘W)> . Likelihood score
™M
Samplﬁ N (0;1)
i TNt Gt g . Posterior update
end for
return ry . Return Estimated Pose sequence

A pertinent question one may ask is as follows. Given that the user's body shape parameters are
available during inference, why not scale the default-body dataset with these body shape parameters?
Said differently, applying Eq. 1, the scale-free joint rotatioggscan be scaled—using the available

body shape parameters—to regenerate locatipnsThis new dataset can then be used to train a
CFG model, obviating the need for inverse solvers lid@ose . Unfortunately, this is possible only

if I; was known (or equal t6). Otherwise, the mapping betweeg to I, is non-trivial. As an
illustration, consider that the user jumps. Without modeling the dynamics of the human body, it is
hard to determine the user's displacement while airborne. This is why pure CFG models are unable
to generalize across body shapes, whileose 's inverse guidance formulation does not require

new datasets from new users.

4 EXPERIMENTS

Datasets:All our experiments were performed on AMASS Mahmood et al. (2019), an aggregate of
multiple human-pose datasets and the de facto standard for pose estimation/generation today. The
data is in the SMPL body model format. Each dataset within AMASS consists of multiple samples,
each a sequence of pose$@t100, or 120Hz; we resample all data 80Hz. A xed default body

shape typical of the average male is used for model training. Our experiments follow two dataset
protocols, as per our BoDiffusion baseline Castillo et al. (2023):
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1. The Transitions Mahmood et al. (2019) and the HumanEVA Sigal et al. (2009) datasets within
AMASS were used for testing, while others were used for training.

2. An approximately 90%/10% split for training and testing respectively, on the CMU Carnegie
Mellon University, BMLrub Troje (2002), and the HDMO5 Muiller et al. (2007) datasets.

Baselines:We choose the two following SOTA algorithms as baselines. These models accept the
3-point joint locations, (i), rotationsr, (i), and the corresponding velocity and angular velocity

as inputs; they output the full-body pose of the user for which each was trained. Both the velocity
and the angular velocity are computed as linear functiong @ndr,. The rotation and angular
velocities are represented in the 6D representation.

e AvatarJLM Zheng et al. (2023) is a conventional neural network-based approach.

« BoDiffusion Castillo et al. (2023) is the CFG-based diffusion model that we adophRwse .
In the original BoDiffusion paper, it outputs the local joint angleg (i). The authors provide a
pretrained model, denoted BoDiffusion(Local), in all our results.

« BoDiffusion(Global): We modi ed BoDiffusion(Local) to output global joint angleg . This is
also evaluated using both andr, for CFG and is termed BoDiffusion(Global).

Implementation Details: We ne-tune the neural network used in BoDiffusion and perform inference
usingN = 50 steps. The original BoDiffusion algorithm implements a DiT Peebles & Xie (2022)
based denoiser in a CFG score model framework. Additional details are provided in Appehdix B

Evaluation Metrics: We use4 standard metrics from the literature to evaluate the models:

« Mean Per Joint Position (location) Error(MPJPE) measures the mean joint location error, in
cm, across all joints and poses in the sequence.

« Mean Per Joint Rotation Error(MPJRE) measures the mean joint rotation error, in degrees,
across all joints and poses. MPJPE captures the scale-dependent error, while MPJRE captures the
scale-free error.

* UPE, LPE: We also report the joint position error, in cm, for the upper and lower body separately,
respectively. These two tell us how well the model can infer upper body versus leg movement,
given that all measurement sensors are placed on the upper body.

4,1 RESULTS

Zero-shot generalization across body shape scalingrig. 3(a,b) presents results when the models

are trained on a default body shape, and then tested for various body shape scaling factors (including
the default). body shapes are varied by changing the scaling factor &h #ixés (a value greater
than1:0 on theX axis indicates a proportionally taller human, and vice versa). Note, all bones of the
taller person (or shorter) human have been scaled up (or down) by the same factor (we also report
separate results where different parts of the body are scaled differently). The root joint translation
is also proportional to this scaling factor. The results are performed using Protocol 1. We report
location and rotation errors (MPJPE and MPJREportantly, we divide the estimated MPJPE by

the scaling factorThe MPJRE is obviously scale-free.

The baselines outperformPose in the default case when scale equald However, both the
scaled MPJPE and the MPJRE (Fig. 3a and 3b) remain almost &mRwse regardless of body
shape. This demonstrates the zero-shot nature of our inverse solver, in contrast to the signi cant
degradation observed in the baselines.

Robustness to measurement noisénPose is designed to be implicitly robust to location mea-
surement noise as well. We inject zero-mean i.i.d. Gaussian noise into the input location streams and
compute the estimation errors, while maintainingdeéaultbody shape and the rotation measure-
ments. This is an important test for practical applications since real-world wearable sensors—Ilike
watches and phones—have dif culty with measurement errors. Fig. 3c shows the location error
under increasing Gaussian noise variance (the rotation error is reported in the Appendix). Evidently,
InPose stays at while other baselines degrade with noise. This is expected because while BoDif-
fusion's model is sensitive to location noisePose uses the location only for inverse guidance,

3We provide the code on our webstigips://iclrinpose-crypto.github.io/ICLRInPose/
for reproducability.






	Introduction
	Model and Measurement
	InPose: Inverse Zero-Shot Pose Estimation
	Formulation
	Designing the Likelihood, Prior, and Posterior Terms
	Accounting for Translation: Differential Parameterization
	Model Pipeline

	Experiments
	Results

	Related Work
	Limitations and Future Work
	Conclusions
	Acknowledgements
	Proof of Theorem 1
	Implementation Details
	More Results

