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Figure 1. NRMF is a general-purpose, expressive and robust unconditional motion prior. It models the space of plausible poses (θ), tran-
sitions (θ̇) and accelerations (θ̈) on the zero-level set of a geometric neural distance field. This implicitly captures the data distribution.
Poses are depicted alongside their transitions and accelerations, which are visualized as blue dots onto the per-joint distributions of learned
transitions and as blue rings around the magnitude distribution of all accelerations. We develop projection (Π) and integration algorithms
to deploy NRMF into several applications as shown on the right.

Abstract

We introduce Neural Riemannian Motion Fields (NRMF),
a novel 3D generative human motion prior that enables
robust, temporally consistent, and physically plausible 3D
motion recovery. Unlike existing VAE or diffusion-based
methods, our higher-order motion prior explicitly models
the human motion in the zero level set of a collection of neu-
ral distance fields (NDFs) corresponding to pose, transition
(velocity), and acceleration dynamics. Our framework is
rigorous in the sense that our NDFs are constructed on the
product space of joint rotations, their angular velocities,
and angular accelerations, respecting the geometry of the
underlying articulations. We further introduce: (i) a novel
adaptive-step hybrid algorithm for projecting onto the set
of plausible motions, and (ii) a novel geometric integrator
to “roll out” realistic motion trajectories during test-time-
optimization and generation. Our experiments show signif-
icant and consistent gains: trained on the AMASS dataset,
NRMF remarkably generalizes across multiple input modal-
ities and to diverse tasks ranging from denoising to motion
in-betweening and fitting to partial 2D / 3D observations.

1. Introduction

Motion is intrinsic to human experience. As humans, we are
in perpetual motion, engaging with our surroundings in rich

and diverse ways. Accurately recovering 3D human motion
from sparse or noisy data is therefore not only a fundamen-
tal challenge in computer vision, but also a critical enabler
for a myriad of applications, from immersive virtual real-
ity and animation to clinical diagnostics, and sports anal-
ysis. Despite remarkable progress in learning-based tech-
niques and model-based reconstructions, current methods
still struggle to deliver reliable, temporally consistent, and
physically plausible 3D motion recovery while being able
to generate diverse and lifelike motions. The challenges
stem from the intrinsic complexity of human motion, com-
pounded by occlusions, rapid movements, and inherent am-
biguities in 2D observations.

To address these challenges, we focus on the problem
of building general-purpose, expressive and robust models
that capture the full dynamics of realistic human motion. A
conventional way to handle sequences of articulations is to
model static poses, frame-by-frame as done in NRDF [18],
PoseNDF [43] or DPoser [27]. Yet, processing frames inde-
pendently jeopardizes generalization and temporal consis-
tency. As a remedy, modern models of motion have shifted
toward dynamics-based methods, many of which rely either
on VAEs [33, 39] suffering from posterior-collapse and in-
creased accumulation of errors over time (drift) or leverage
the recent diffusion modeling [38, 42], which while promis-
ing, tend to capture short pose sequences in clean settings
or require additional conditioning such as action or textual
descriptions [1, 32]. Diffusion-based models further suf-
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fer from increased inference times and their conditioning
to observations (inversion) is far from being trivial. While
RoHM [51] tries to bridge this gap, as we will demonstrate,
it suffers from low estimation accuracy, due to the limited
handling of higher-order motion dynamics, such as acceler-
ation, causing oversmoothed transitions and drift. MoMan-
ifold [11] factors in the accelerations. Yet, beyond being
limited to short, fixed time windows, its decoupled mani-
fold treats each joint’s acceleration in isolation, neglecting
the essential inter-dependencies of the body joints.

In this work, we introduce Neural Riemannian Motion
Fields (NRMF), a novel human motion prior that mod-
els the manifold of plausible motions as a collection of
three neural distance fields (NDFs), each corresponding
to 0th-order (pose), 1st-order (pose transitions), and cru-
cially, 2nd-order (acceleration) dynamics, captured as the
zero level sets of dedicated conditioned, implicit neural net-
works (Fig. 2b). We rigorously respect the underlying ge-
ometry of articulated motion by operating in the product
space of joint rotations, angular velocities, and angular ac-
celerations. To map an arbitrary articulated motion onto a
plausible one (Fig. 2a), we introduce a three-stage adaptive-
step hybrid gradient descent. We further devise a novel ge-
ometric and robust integrator to rollout physically realistic
motion sequences, while correcting errors in all dynamic
components. Together, these enable a plethora of applica-
tions as exemplified in Fig. 1.

After training on the large AMASS [28] motion capture
dataset, we extensively evaluate NRMF on numerous tasks
including motion estimation, denoising, in-betweening, and
fitting to various input modalities, over various datasets in-
cluding AMASS, i3DB [29], 3DPW [44], EgoBody [50]
and PROX [16]. Our quantitative results show significant
and consistent improvements across several standard met-
rics for assessing human motion. Notably, a qualitative in-
vestigation into the learned pose, transition and accelera-
tion distributions reveals the expressivity of our method. To
summarize, our contributions are:

1. We propose to model poses, transitions and accelerations
as the zero level sets of corresponding product NDFs.

2. We introduce new algorithms for projecting onto the
zero level sets as well as for rolling out physically plau-
sible motion sequences.

3. We ensure that all our algorithms respect the geometry
of articulated rotations.

4. From sampling motions to fitting 2D/3D observations,
we demonstrate that NRMF surpasses all prominent
state-of-the-art methods across several tasks and metrics.

We additionally present a condensed primer on the geome-
try of articulated motions in our suppl. material as a self-
contained background. We will make our implementation
publicly available upon publication.

2. Related Work
Unconditional human pose and motion priors. Hu-
man bodies have been modeled by unconditional priors of
various different kinds including Gaussian Processes [46],
VAEs [30], NDFs [9, 18, 43], diffusion models [10, 27].
Yet, per-frame inference is not sufficient to capture the full
complexity of motion. To this end, various works such as
MotionVAE [24], HuMoR [33] and PhaseMP [39] lever-
aged VAEs in an autoregressive fashion. With the prolif-
eration of diffusion models and transformers, modern ap-
proaches such as [19, 22, 38, 42, 47] leverage transformer-
based diffusion frameworks to generate diverse motion. Un-
like these works, we take a fundamentally different ap-
proach and offer a strong generative prior that is deployable
for recovering human motion from observations.
Monocular human pose and motion recovery. Ap-
proaches for estimating human pose and shape from monoc-
ular observations can be categorized into regression-based
and optimization-based. Regression-based methods predict
pose directly from images or videos using deep networks
[2, 6, 14, 21, 41, 45, 49] which are typically based on the
parameteric models of SMPL [26], SMPL-H [35] or SMPL-
X [30], but often lack temporal consistency, and fail un-
der occlusion. Optimization-based approaches [33, 39, 51]
fit parametric models to observations while enforcing tem-
poral priors, achieving better robustness but at the cost of
high computation, and sensitivity to initialization. Recent
methods also integrate learned motion priors via diffusion
[37, 42], improving plausibility and infilling. RoHM [51]
reconstructs motion via diffusion denoising of root and lo-
cal pose spaces with image and physics guidance. However,
it still suffers from oversmoothing and cannot fully exploit
higher-order dynamics. Our method NRMF explicitly mod-
els pose, velocity, and acceleration via neural distance fields
on Riemannian motion manifolds, enabling physically plau-
sible recovery across diverse inputs.

3. Neural Riemannian Motion Fields
We start by explaining Riemannian Motion Fields to
model realistic articulated motions in Sec. 3.1 and introduce
our novel projection algorithm to map onto this space while
adhering to the manifold of joint rotations, transitions and
accelerations. We then propose NRMF and a novel method
for sampling articulated motions, to generate desired train-
ing data, in Sec. 3.2. Before delving into method specifics,
we briefly review the SO(3)-kinematics and provide a de-
tailed, self-contained exposition in our suppl. material.
Background. We are particularly interested in the non-
commutative Lie group of finite rigid body rotations:

Definition 1 (SO(3)). The set of rotation matrices admit a
group structure under matrix multiplication:

SO(3) =
{
R ∈ R3×3 : R⊤R = I,det(R) = 1

}
. (1)
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We now briefly characterize the properties of SO(3).

Proposition 1. The tangent space of SO(3) at R is defined
throughout the paper as the left-invariant vector fields:

TRSO(3) = {RΩ : Ω ∈ so(3)} , (2)

where so(3) is given by the set of skew-symmetric tensors:

so(3) =
{
Ω ∈ R3×3 : Ω⊤ = −Ω

}
. (3)

Proof. Differentiating the constraints that specify SO(3)
leads us to the definition of skew-symmetric matrices:

d(R⊤R)

dt
= Ṙ⊤R+R⊤Ṙ = 0 =⇒ Ω = −Ω⊤, (4)

where Ω = R⊤Ṙ is a skew symmetric matrix and the vec-
tor Ṙ = RΩ is tangent to R.

We also need the notions of angular velocity and accel-
eration on SO(3) to accurately model articulated motions.

Definition 2 (Angular velocity). The angular velocity of the
geodesic motion on SO(3) is represented as a time (t) de-
pendent curve ωt := ω(t) := skew(Ω(t)) extracted from:

Ωt = R−1
t Ṙt, (5)

where skew(·) transforms the matrix into a skew-vector and
the angular velocity matrix Ωt := Ω(t) is skew-symmetric.

Proposition 2 (Angular acceleration). The time-derivative
of angular velocity defines the angular acceleration:

d[ωt]x
dt

:= [ω̇t]x := R̈t = Rt

(
Ω2

t + Ω̇t

)
, (6)

where Ω2
t + Ω̇t is also skew-symmetric and Ṙt := dRt/dt.

In practice, we use a central differencing scheme to estimate
the angular velocity and acceleration. As we show in our
suppl. material, this is a good approximation of the true
acceleration computed via log-maps and parallel transport.

Our work differs significantly from modeling motion in
pure SO(3) [3, 15] also because of the specific product
manifold structure which we discuss next.

3.1. Modeling of Plausible Articulated Motions
We consider an input motion sequence {Xt}Tt=0 composed
of individual states Xt:

Definition 3 (State). We represent the state of a moving ar-
ticulated body as a time dependent function x(t) : t → Xt

producing the matrix Xt = x(t) composed of a root trans-
lation tr ∈ R3, body joint angles θ ∈ SO(3)NJ , their

velocities θ̇ ∈ T SO(3)NJ and angular accelerations θ̈ ∈
R3×NJ :

X = [ tr θ θ̇ θ̈ ] ∈ (R3 ×M), (7)

where NJ refers to the total number of joints excluding the
hand joints (NJ = 22 for SMPL model) and M denotes the
product space of the state vector including the root orienta-
tion: M =

(
SO(3)NJ × so(3)NJ × R3×NJ

)
.

The first part of the state involving root translation is
known as the global motion, whereas the rest parameter-
ize the local motion, the motion of the skeleton. Part
of the state, (tr,θ), parameterizes the articulated object
model (e.g., SMPL for humans [26, 35] or MANO for
hands [34]) which is a differentiable function M(tr,θ,β)
mapping joints J ∈ R3×J and shape parameters β ∈ RNβ

to the vertices V ∈ R3×NV of an articulated object, where
NV = 6890 for SMPL human bodies.

Instead of parameterizing the entire motion sequence as
done in [17], we propose to model the current state (pose,
transition and acceleration) while respecting the geometry:

Proposition 3 (Riemannian Motion Fields (RMFs)). Given
the state, we model the manifold of instantaneous realistic
and plausible motions of an articulated body as the zero
level set of an implicit function fΓ : M → R3

+:

S = {XM ∈ M | fΓ(XM) = 0}, (8)

such that the range of fΓ (parameterized by Γ) represents
the unsigned geodesic distance to the closest plausible pose
on the manifold. To account for the interdependence of
pose, velocity and acceleration we disentangle fΓ into con-
ditional components as:

fΓ =

 fR
Φ (θ)

fω
Ψ(θ̇ | θ)

f ω̇
Ξ (θ̈ | θ, θ̇)

 (pose field)
(transition field)
(acceleration field)

(RMF)

where fR
Φ : SO(3)NJ → R+, f

ω
Ψ : so(3)NJ → R+ and

f ω̇
Ξ : R3×NJ → R+ account for the plausibility in pose,

velocity and acceleration, respectively. Γ = [Φ,Ψ,Ξ].

We are now ready to state our iterations for projecting
onto this zero level set specified by fΓ:

Proposition 4 (RMF-Grad). A geometry-aware single step
projection of a given state onto our motion manifold in-
volves the updates:

θt+1 := ΠR(θt) = Expθt

(
−αθf

R
Φ (θt)

gradfR
Φ (θt)

∥gradfR
Φ (θt)∥

)
θ̇t+1 := Πω

t (θ̇t) = θ̇t − αθ̇f
ω
Ψ(θ̇t)

∇fω
Ψ(θ̇t | θt)

∥∇fω
Ψ(θ̇t | θt)∥

(9)

θ̈t+1 := Πω̇
t (θ̈t) = θ̈t − αω̇f

ω̇
Ξ (θ̈t)

∇f ω̇
Ξ (θ̈t | θt, θ̇t)

∥∇f ω̇
Ξ (θ̈t | θt, θ̇t)∥

,
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plausible poses
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Figure 2. Neural Riemannian Motion Fields (NRMF) models the
motion in the zero-level-set of three disjoint distance fields.

where α∗ corresponds to individual learning rates and grad
and Exp denote the Riemannian gradient and Exponential
maps as we provide in our suppl. material.

Remark 1. Note that under ideal conditions where tran-
sition (velocities) are obtained computationally, we expect:

Πω
(
θ̇
)
≈

(
ΠR (θ)

⊤ ˙ΠR (θ)
)
, (10)

and leverage the right hand side, accounting for the use of
noisy input velocities. Likewise, Πω̇(θ̈) ≈ d(Πω(θ̇))/dt.

A geometry-aware robust integrator. We now provide
a novel deterministic integration algorithm for rolling out
motion sequences starting from a plausible initial state.
Equivalently, it will allow us to rebuild a consistent state
sequence from the projected measurements, a key step in
motion generation and test-time-optimization as we will ex-
plain later.

Proposition 5 (RMF-Integrator). For a moving articulated
body x(t) : t → Xt, the “ideal” continuous dynamics are
governed by the differential equations in Eqs. (5) and (6).
We then apply a geometric, projected Euler integration to
those factoring in our priors. Given a sequence of plausible
accelerations, this leads to the following discrete updates:

θ̇t+1 = Πω(θ̇t + λtθ̈t) (11)

θt+1 = ΠR
(
Expθt

(
αt [θ̇t]x

))
. (12)

In practice, we first update the velocities before integrating
for the rotations.

The pseudocode for our integrator is provided in our
suppl. material.

Remark 2 (Relation to known operators and integrators).
ΠR(θt) corresponds to NRDF [18] while the other two pro-
jectors resemble Euclidean PoseNDF [43] updates but for
velocities and accelerations. Beyond ensuring plausibility
of motion, our RMF-Integrator can be thought of as a de-
noising of the trajectory and its derivatives or a drift cor-
rection that helps mitigate the accumulation of errors.

3.2. Learning Riemannian Motion Fields (NRMF)
We now describe how we construct S, i.e., learn all compo-
nents of fΓ indicating distances to the zero level set.

Proposition 6 (NRMF). As shown in Fig. 2, we model fΓ
hierarchically by three individual neural fields correspond-
ing to different orders of derivatives in the equation of mo-
tion, trained to predict the distance to the closest example
from dataset D = [Dθ, Ḋθ, D̈θ] as follows1:

Γ⋆ =



Φ⋆ = argmin
Φ

N∑
i=1

∥fR
Φ (θi)− min

θ′∈Dθ

dNJ

SO(3)(θi,θ
′)∥

Ψ⋆ = argmin
Ψ

N∑
i=1

∥fω
Ψ(θ̇i)− min

θ̇′∈Ḋθ

dNJ

so(3)(θ̇i, θ̇
′)∥

Ξ⋆ = argmin
Ξ

N∑
i=1

∥f ω̇
Ξ (θ̈i)− min

θ̈′∈D̈θ

dNJ

R3 (θ̈i, θ̈
′)∥


.

We call f⋆
Γ, learned in this way, a neural Riemannian motion

field.

Each individual function is modeled by a combination
of a hierarchical network and an MLP decoder, similar to
NRDF [18] and Pose-NDF [43]. We obtain gradf⋆

Γ via
backprop, additionally followed by egrad2rgrad for the
poses themselves. Given a dataset Dθ = {θi}1≤i≤N of
articulated poses, we obtain the dataset of transitions (Ḋθ)
and accelerations (D̈θ) by computing the angular velocities
and accelerations as explained earlier.

Remark 3. The first part of this equation corresponds to the
recent NRDF [18], which builds upon PoseNDF [43] and
correctly treats the Riemannian geometry of articulated 3D
poses using quaternions. The acceleration field in the last
part vaguely resembles MoManifold [11], while properly
using the joints orientations instead of 3D positions. The
transition prior in the middle row bears similarities with
various works which model transitions [33, 39], inspired
mostly by [33]. A majority of these works use some form
of autoencoding, which is fundamentally different from our
approach. To the best of our knowledge, we are the firsts
to properly model all components of the kinematics, while
respecting the geometry of parameters.

4. NRMF as Versatile Generative Priors
In this section, we introduce multiple downstream applica-
tions. Utilizing our NRFM as a generative prior, we can
enable: 1) test-time optimization, 2) motion generation and
3) motion in-betweening, as shown in Fig. 1.
Test-time optimization. We introduce a novel runtime op-
timization objective to recover a plausible (likely under the

1Note, for brevity, we dropped the conditionals.
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NRMF) motion sequence {Xt}Tt=0 conditioned on a given
sequence of 2D or 3D data observations, e.g. joint detec-
tions, point clouds, described as O0:T . Our mutlti-stage op-
timization starts from a proper initialization using the pose
prior, by minimizing a HuMoR-like objective in stage I:

EI(tr,θ,β) = Ldata + λβLβ + λθLθ + λregLreg (13)

where Lβ = ∥β∥2 is the shape prior2. Lθ = fR
Φ (θi) is

our pose prior term predicting the distance to the nearest
plausible pose3. We further employ additional regulariza-
tion terms Lreg to constrain the bone lengths and smooth-
ness of the skeleton as described in [33]. Finally, Ldata

denotes the task-dependent data terms and will be different
when given different types of inputs: 2D, 3D joints or 3D
point clouds. We provide complete details of these in our
supplementary material.

While optimizing EI yields refined estimates X, it can-
not handle motion ambiguities since the pose prior only cap-
tures 0th-order distribution. After initialization, we factor in
our transition and acceleration priors as Lθ̇ and Lθ̈:

Lθ̇ := fω
Ψ(θ̇i) Lθ̈ := f ω̇

Ξ (θ̈i) (14)

By further combining foot-floor contact physics constraint
terms into Lreg in stage II, the full objective function reads:

E′
II(tr,θ,β) = Ldata + λβLβ + λθLθ (15)

+ λregLreg + λθ̇Lθ̇ + λθ̈Lθ̈

Moreover, we apply the rollout within each iteration to fur-
ther increase precision. We provide more details in the sup-
plementary material.
Motion generation & in-betweening. Our motion prior
can be utilized to generate plausible and diverse motions.
To this end, inspired by [11, 33], we start from a random ini-
tialization of all motion components. In particular, given an
initial motion state X0, we randomly sample a noisy transi-
tion θ̇0 and generate the next θ1 using the transition. By re-
peating this procedure in a rollout manner, we obtain a noisy
partial motion sequence with {θt, θ̇t}Tt=0. The noisy accel-
eration θ̈ is then computed based on it to compose the com-
plete initial noisy motion sequences {X̃t}Tt=0. Next, we run
our RMF-Integrator taken the sequence as input to denoise
and obtain the {Xt}Tt=0, which is subsequently treated as
the initial noisy observation for test-time optimization (Sec.
4) similar to MoManifold to obtain the final clean mo-
tion from the randomly composed disordered starting point.
For in-betweening, given a sequence of incomplete observa-
tions, we preprocess the unobserved poses with [17, 40] and
then apply the optimization process with EI nd E′

I treating

2We will later optimize for the shape parameters (β) per sequence.
3Note that for VPoser [31] Lθ = ∥z∥22 where z is the latent code.

Table 1. Motion and shape estimation from noisy 3D observations
(motion denoising).

Method Pos. Err. (mm) Motion Prop.

All Legs Vtx Contact Freq Dist (mm) Acc Err

MVAE [24] 26.1 32.3 44.6 - 1.72% 1.4 6.74
HuMoR [33] 22.7 26.1 35.5 0.97 1.18% 0.8 4.67
PhaseMP [39] 26.6 28.7 39.1 0.95 1.33% 1.2 6.47
RoHM [51] 20.9 24.1 32.4 0.97 1.12% 0.6 2.61
MDM [42] 25.4 26.7 40.1 0.95 1.32% 0.5 6.24

VPoser-t [30] 36.5 44.2 52.4 - 1.53% 0.7 7.21
PoseNDF-t [43] 24.6 27.5 32.7 - 1.42% 0.9 6.97
DPoser-t [27] 25.1 27.9 32.4 - 1.35% 0.8 7.13
NRDF-t [18] 22.8 22.4 28.1 - 1.31% 0.7 6.89

DPoser + T-PoseNDF 19.1 21.1 25.9 0.97 1.31% 0.7 3.29
DPoser + T-NRDF 17.3 17.9 23.3 0.95 1.22% 0.5 3.13
VPoser + T-PoseNDF 21.4 23.5 31.6 0.97 1.20% 0.6 3.47
VPoser + T-NRDF 19.0 20.8 27.5 0.96 1.29% 0.6 3.18
PoseNDF + T-PoseNDF 18.6 19.2 26.5 0.98 1.28% 0.6 3.24
PoseNDF + T-NRDF 17.0 18.2 25.2 0.96 1.26% 0.7 3.08
NRDF + T-PoseNDF 18.8 20.5 25.4 0.96 1.26% 0.7 3.19
NRDF + T-NRDF 16.7 17.5 22.6 0.98 1.22% 0.5 2.97

Motion-NDF 18.1 19.8 23.5 0.98 1.22% 0.5 2.64
NRMF (ours) 16.4 17.1 19.9 0.98 1.17% 0.5 2.25

the observed frames as noisy data observation inspired by
[48]. Unlike [42], our method is not restricted to clean in-
put motions, it can be applied to partial masked body infill-
ing, and it also deduces natural transitions between masked
between-frame with f ω̇

Ξ (θ̇i), while respecting the 2nd-order
dynamics via the acceleration prior f ω̇

Ξ (θ̈i).

5. Experiments
We now assess the performance of our method across var-
ious downstream tasks: (i) motion estimation from 3D ob-
servations, (ii) motion refinement for human mesh recovery,
(iii) motion estimation from RGB(-D) in-the-wild (2D) ob-
servations and (iv) motion generation and in-betweening.
Additionally, we conduct ablation studies to demonstrate
the contribution of each prior. We recommend viewing the
supplementary videos for qualitative results. Further dataset
and experimental details are in the supplementary material.

5.1. Setup

Datasets. In this work, we train our motion prior with the
AMASS [28]. For evaluation, we leverage the 3DPW [44],
i3DB [44], EgoBody [50] and PROX [16] for a fair compar-
ison with previous methods.
Baselines. As pose prior baselines, we employ VPoser
[30], DPoser [27], Pose-NDF [43], and NRDF [18]. We
also append -t (e.g. DPoser-t) to indicate that only the cor-
responding 0-order pose prior is used in the initialization
phase, without the final optimization stage which involves
higher-order priors (i.e. transition & acceleration prior). We
also adopted the Euclidean PoseNDF [43] and geometric
NRDF [18] to model transitions (T-) and accelerations (A-).
We compare our method with existing human motion priors
[24, 33, 39, 42, 51]. We further augment MDM [42] with
infilling capabilities to tackle motion denoising. To achieve
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Figure 3. Comparison of pose and transition distributions. Each distribution is estimated from the points obtained intersecting rotated
skeletal bones with a sphere centered at the joint. The pose distributions p(θ) are obtained applying θ rotations (left), while the transition
distributions p(θ̇) applying θ̇ (right). Each sphere effectively displays the range of motion of eah joint.

this, we train MDM with the same data split on AMASS. In
ablations, we use the state-of-the-art human pose estimation
(HPE) model SMPLer-X [6] as the initialization baseline
and apply our motion priors to quantify the impact of each
prior in optimization. For a fair comparison, all the meth-
ods we compared are trained and tested with the same data
split as ours and [18, 30, 43]. For PROX dataset, we fol-
low RoHM [51] to use off-the-shelf regressors [13, 23, 36]
to obain per-frame initialization for a fair comparison. We
provide more details in our supplementary material.

Evaluation metrics. To comprehensively evaluate our
method, we categorize our metrics across multiple tasks:
• Motion estimation and refinement: We measure global

3D joint positional error to evaluate the accuracy of es-
timated joint positions and meshes. We report the Mean
Per Joint Position Error (MPJPE) and Procrustes-aligned
Mean Per Joint Position Error (PA-MPJPE) in mm, and
further distinguishing the MPJPE in the global coordinate
system (GMPJPE) between visible (Vis), occluded (Occ),
Leg (toes, ankles, and knees), all body parts (All), and
vertices (Vtx) in mm.

• Motion quality and plausibility: We assess floor con-
tact plausibility by reporting the frequency (Freq) and
mean distance (Dist) of floor penetrations in cm, along
with the overall contact rate (Contact). Mean per-joint
acceleration ∥Acc∥ and Acceleration Error (Acc Err) are
measured in mm/s2 to evaluate motion smoothness. To
assess motion diversity and fidelity, we report Average
Pairwise Distance (APD) and Fréchet Distance (FID), re-
spectively. Specifically, we evaluate FID for pose (FIDp)
and for motion (FIDm) following [17].

5.2. Evaluation & Results

As introduced in Sec. 3.2, with accurate learned neural (Rie-
mannian) distance fields, we are able to map any noisy mo-
tion observations (e.g. noisy 3D mocap data) onto a plau-
sible one through optimization with our motion prior while
maintaining the alignment with the original observation. In
this section, we leverage NRMF as a set of motion prior

Table 2. Motion and shape estimation from partial 3D observa-
tions.

Method Positional Error (mm) Motion Prop.

Vis Occ All Legs Vtx Contact Freq Dist (mm) Acc Err

MVAE [24] 23.9 191.5 105.6 188.6 114.5 - 3.15% 3.0 6.91
HuMoR (VPoser) [33] 14.6 120.3 67.9 118.1 76.8 0.89 3.31% 2.6 4.78
PhaseMP [39] 38.7 177.5 110.1 175.5 118.4 0.89 3.28% 3.1 6.29
RoHM [51] 12.9 88.4 51.3 86.7 58.4 0.91 3.08% 1.6 2.43
MDM [42] 27.8 173.6 101.2 170.6 112.7 0.88 3.18% 2.6 6.23

VPoser-t [30] 6.7 207.6 108.8 205.4 118.3 - 16.77% 22.8 7.18
PoseNDF-t [43] 5.9 204.1 104.6 200.9 113.7 - 15.49% 23.1 7.01
DPoser-t [27] 4.9 211.2 109.4 209.3 117.5 - 15.65% 22.5 6.95
NRDF-t [18] 4.2 194.5 100.2 192.7 109.1 - 15.23% 20.9 6.73

DPoser + T-PoseNDF 11.2 111.5 61.8 109.2 72.4 0.86 3.67% 3.4 3.36
DPoser + T-NRDF 11.0 102.8 56.7 100.8 66.3 0.87 3.12% 2.9 3.19
VPoser + T-PoseNDF 13.4 108.7 60.5 106.9 71.7 0.88 3.29% 3.1 3.41
VPoser + T-NRDF 12.0 102.3 57.8 100.2 67.9 0.87 3.19% 2.2 3.13
PoseNDF + T-PoseNDF 11.5 100.2 56.3 97.6 65.8 0.88 3.17% 2.8 3.35
PoseNDF + T-NRDF 11.6 97.3 54.9 95.4 64.2 0.88 3.23% 2.6 3.11
NRDF + T-PoseNDF 11.1 108.1 59.1 105.8 69.5 0.87 3.16% 2.5 3.27
NRDF + T-NRDF 10.5 87.1 48.5 84.8 58.6 0.89 3.17% 2.1 3.01

Motion-NDF 11.6 99.5 55.2 97.3 63.9 0.89 3.17% 2.6 2.72
NRMF (ours) 9.7 83.8 46.3 81.6 56.7 0.89 3.05% 1.9 2.31

terms in an optimization-based pipeline for various down-
stream tasks from different observation.

Motion estimation from 3D observations. For a fair com-
parison, we follow [33] to extract (i) noisy and (ii) partial
3D keypoints from the AMASS dataset and sample 3s (90
frames). We conduct both the motion estimation accuracy
and plausibility evaluation of (i) motion denoising and (ii)
fitting to partial 3D observation.

To perform motion denoising, we align the recovered
human body well with the observations and preserve the
plausibility of the motion. To test this, we sample noisy
keypoints from the AMASS dataset with a Gaussian noise
of 4cm. As shown in Tab. 1, we compare NRMF with
state-of-the-art pose [18, 27, 30, 43] and motion priors
[24, 33, 39, 42, 51]. It can be seen that our method con-
sistently outperforms the SotA. Previous methods typically
only focus on 0-order or 1st-order cues either neglecting
the high-order information [18, 27, 30, 43] thus produc-
ing unrealistic, oversmooth, and implausible motion tran-
sitions, or causing error accumulation over time (drift) [33].
In contrast, our method incorporates priors for all essen-
tial components of dynamics to fill in the plausibility gap
while maintaining the fidelity of each frame, which is sup-
ported by the comparison of the output distribution in Fig. 3.
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Figure 4. Qualitative comparison with state-of-the-art methods
[17, 51] on motion estimation from noisy partial observation (top
two) and motion in-between (bottom two) where the purple body
parts represent the recovered motion.

Moreover, as shown in Tab. 1, methods that properly treat
the geometry of articulations tend to perform better, while
PoseNDF based (Euclidean) projections fail under larger
noise. MDM [42] and RoHM [51] present comparable re-
sults for contact but yield low estimation accuracy.

To test motion estimation under occlusions (i.e. partial
observation) we sample the AMASS dataset with a stan-
dard mask height of 0.9m following [33] to yield partial
3D observations. Tab. 2 reveals that while applying only a
pose prior term (i.e. -t) gives lower errors for visible body
parts, the model suffers from over-smoothing and higher re-
construction and acceleration errors when deducing invis-
ible body parts over time, due to the inherent negligence
of transitions. In contrast, our NRMF consistently out-
performs both baselines and prior state-of-the-art methods.
This demonstrates the effectiveness of our approach in mod-
eling motion dynamics: by jointly incorporating pose, tran-
sition, and acceleration priors, NRMF achieves improved
pose accuracy while producing more temporally coherent
and physically plausible motions, and successfully miti-
gates error accumulation. Qualitative results in Fig. 4 and
Supp. Mat. further support these observations.

Motion refinement for human mesh recovery. Our
motion prior can also be used with regression-based hu-
man pose estimation methods as an efficient optimization-
based refinement module for mesh recovery from videos.
Tab. 3 compares our method with the SotA baselines of
[18, 27, 30, 51] using SMPLer-X [6] and [7] as initializa-
tion. Notably, while optimization improves pixel alignment,
it does not guarantee plausible motion due to the lack of
constraints and biased optimization without appropriate pri-

Table 3. Ftting to 2D obsertations on 3DPW. We compare the
refinement results after optimizing SMPLer-X [6] with different
prior terms. MPJPE and MPVPE are in millimeters.

Method MPJPE (mm) MPVPE (mm) Acc Err (m/s2) Trans Err (×10−3)

SMPLer-X [6] 82.65 94.23 23.71 31.63
+ No prior 84.67 96.82 26.75 34.54
+ VPoser [30] 79.98 91.53 25.82 30.58
+ DPoser [27] 75.45 87.04 27.54 28.69
+ PoseNDF [43] 73.49 84.61 25.12 29.77
+ NRDF [18] 71.88 83.23 24.31 26.38
+ T-NRDF 66.98 76.94 9.89 7.98
+ A-NRDF 70.88 81.92 6.73 11.87

+ RoHM [51] 69.78 79.72 9.13 12.37
+ NRMF (full) 66.13 75.61 6.52 5.67

ors. Specifically, only applying a pose prior (0-order) usu-
ally leads to large errors in transition and acceleration due
to the absence of higher-order motion constraints. Notably,
the ablations highlight the significance of each prior term
separately. By integrating acceleration and transition, we
improve the Acc Err and Trans Err significantly. Applying
our NRMF(full) model for refinement will boost the per-
frame mesh reconstruction accuracy while preserving plau-
sible and realistic motion transitions.

Motion estimation from RGB(-D) in-the-wild observa-
tions. As discussed in Sec. 3.2, our method is readily ap-
plicable to real-world cases, enabling robust motion recov-
ery from various modalities including in-the-wild RGB(-D)
videos, i.e. partial and noisy 2D & 3D observations. We
conduct our evaluation on i3DB (RGB), EgoBody (RGB)
and PROX (RGB & RGB-D) datasets. Specifically, we
leverage the off-the-shelf 2D pose estimation [7], human
mask segmentation [8], along with a plane detection [25]
model as observations during optimization following [33].
As shown in Tabs. 5 to 7, conventional pose priors per-
form reasonably well on visible joints but struggle in oc-
cluded regions. Relying solely on 0-order pose information
leads them to overfit visible joints, producing temporally
inconsistent and physically implausible reconstructions. In
contrast, NRMF incorporates richer dynamics through tran-
sition and acceleration priors, yielding substantially lower
position and acceleration errors on both visible and oc-
cluded joints compared to existing motion [33, 51] and
pose [18, 27, 43] priors. Qualitative comparisons in Fig. 5
highlight NRMF’s superior motion recovery, while Fig. 3
shows that the pose and transition distributions learned by
NRMF better match the ground-truth distribution.

Motion Generation and In-betweening. For motion gen-
eration, we follow the protocol of [33], sampling 50 motion
sequences (2sec each) for each initial state. As shown in
Tab. 4, VPoser achieves the lowest FID and APD scores, but
produces less diverse and expressive motions. In contrast,
DPoser yields high diversity (APD) at the cost of low plau-
sibility (FID). NRDF strikes a balance between fidelity and
diversity. Among the motion priors, our method achieves
the best overall FID for motion while maintaining competi-
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Figure 5. Qualitative comparison with state-of-the-art methods for
in-the-wild motion estimation.

Table 4. Quantitative analysis of pose and motion generation.

Method APD ↑ (cm) FIDp ↓ FIDm ↓ ∥Acc∥ ↓

GMM [5] 16.28 0.435 - -
GAN-S [12] 15.68 0.201 - -
VPoser [30] 10.75 0.113 - -
Pose-NDF [43] 18.54 1.124 - -
DPoser [27] 36.25 2.344 - -
NRDF [18] 24.87 0.706 - -

MVAE [24] 85.26 1.475 10.571 8.15
HuMoR [33] 98.47 0.278 9.147 4.96
Motion-NDF 93.46 0.894 8.351 -
NRMF (ours) 96.37 0.718 5.317 3.18

Table 5. Motion and shape from RGB sequences on i3DB.

Method Global Joint Error (cm) Root-Aligned Joint Error (cm)

Vis Occ All Legs Vis Occ All Legs

VIBE [20] 90.05 192.55 116.46 121.61 12.06 23.78 15.08 21.65
MVAE [24] 37.54 50.63 40.91 44.42 16.00 28.32 19.17 26.63
HuMoR [33] 26.37 34.79 28.22 31.41 12.02 21.73 14.51 20.84

VPoser-t 28.33 40.97 31.59 35.16 12.77 26.48 16.31 25.64
PoseNDF-t 29.17 42.36 32.64 36.28 13.19 27.12 17.03 26.14
NRDF-t 27.85 39.48 30.82 34.13 12.53 25.88 15.92 24.89
DPoser-t 28.12 40.23 31.32 34.74 12.63 26.05 16.17 25.08

NRMF (ours) 22.35 25.12 24.67 23.68 10.27 17.51 11.97 16.73

tive APD, indicating that NRMF generates realistic and di-
verse motions. Additionally, NRMF produces the lowest
mean acceleration norm, reflecting stable motion with re-
duced jitter. For in-betweening, we follow a similar pro-
tocol to [17] and [11], focusing on sparse keyframe super-
vision and infilling refinement. Specifically, we provide a
sparse set of keyframe observations corresponding either
to the two fixed endpoints, to 10% and 20% of the total
frames, or to a 30% scheme divided across the start, mid-
dle, and end of the sequence similar to the protocol in [42].
We compare our method against [17, 33] and SLERP. Our

Table 6. Motion estimation from RGB(-D) input on PROX.

Method RGB-D RGB

∥Acc∥ Dist FIDm Freq ∥Acc∥ Dist FIDm Freq

HuMoR [33] 1.88 35.67 11.65 6.13% 2.35 41.92 12.47 10.52%
PhaseMP [39] - - - - 1.80 46.96 - -
RoHM [51] 1.79 6.67 12.16 3.21% 2.19 14.31 13.65 4.65%

VPoser-t 3.45 53.49 21.89 10.66% 3.24 54.96 19.64 13.95%
PoseNDF-t 2.84 48.77 16.45 11.35% 2.93 50.13 16.87 13.46%
NRDF-t 2.67 45.91 14.58 9.97% 2.77 46.78 14.32 12.98%
DPoser-t 3.32 49.45 17.32 10.89% 3.08 51.35 16.98 12.21%

NRMF (Ours) 1.48 5.78 8.95 2.78% 1.73 16.21 14.13 5.12%

Table 7. Motion estimation results on EgoBody dataset.
Method Positional Error (cm) Motion Prop.

Vis Occ Legs All Vtx Freq Dist Acc

HuMoR [33] 75.3 129.5 124.6 108.85 105.94 7.31% 12.65 5.36
RoHM [51] 60.1 123.6 116.9 98.33 93.81 6.08% 2.15 2.97

VPoser-t [30] 65.5 139.4 129.7 110.30 116.14 21.77% 17.34 7.18
PoseNDF-t [43] 62.1 135.6 131.4 106.41 99.05 19.49% 16.98 7.01
DPoser-t [27] 68.1 141.3 138.6 112.14 118.47 22.65% 18.35 6.95
NRDF-t [18] 60.3 131.6 133.6 103.03 109.22 19.23% 15.26 6.73

NRMF (Ours) 57.5 112.6 109.8 92.10 90.06 4.78% 3.78 1.58

method explicitly leverages high-order motion dynamics,
enabling robust interpolation even under extremely sparse
constraints. Fig. 4 illustrates a qualitative comparison in
the two-endpoint setting, where our method produces more
natural and plausible interpolations. Additional qualitative
results, as well as quantitative evaluations across different
sparsity levels, are provided in the Supp. Mat..

6. Conclusion
In summary, our work presented Neural Riemannian Mo-
tion Fields (NRMF), a novel framework for modeling 3D
human motion while rigorously respecting the underlying
geometry of articulated motions. By decomposing motion
into its constituent components—pose, transition, and ac-
celeration—and representing these as the zero-level sets of
dedicated neural distance fields, NRMF acts as a strong in-
ductive bias bridging the gap between learning and phys-
ical modeling of human motion. Our proposed projection
and geometric integration algorithms help ensuring tem-
poral consistency and robustness against noise and enable
versatile applications ranging from motion denoising and
in-betweening to test-time optimization for mesh recovery.
Extensive experiments on diverse benchmarks consistently
confirm that NRMF outperforms existing methods, deliver-
ing enhanced accuracy and more lifelike trajectories.
Limitation & future work. Our iterative updates can in-
cur significant runtime leading to minutes for processing a
sequence of < 1min. Moreover, our projected-integrators
lack rigorous theoretical understanding, preventing us from
certifying their optimality. As such, our work leaves am-
ple room for future study. Learning-to-optimize can be an
effective future direction, while principled sampling algo-
rithms such as Riemannian Langevin MCMC [4] can be em-
ployed as integrators.
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