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Figure 1. PoseD-Flow framework: (top) PoseRFM, a robust human pose prior defined on the product manifold of joints using Riemannian
Flow Matching; (bottom): Riemannian D-Flow, a flexible, geometry-aware inversion technique for flow models. Together, they provide
a novel approach to solving inverse problems in human pose, achieving results competitive with SotA diffusion models.

Abstract

Generative pose priors have recently emerged as a power-
ful tool for inference under occlusion or noise. Yet today’s
strongest generative paradigm, flow matching, remains un-
used for human pose due to two fundamental barriers: the
absence of a pre-trained flow prior and the non-Euclidean
nature of articulated poses. We overcome both by intro-
ducing PoseD-Flow, a novel framework to unify Rieman-
nian Flow Matching (RFM) with training-free guidance for
3D human pose recovery. PoseD-Flow is composed of two
contributions: (i) PoseRFM, the first RFM model of human
pose, defined directly on the product manifold of joint rota-
tions, and (ii) Riemannian D-Flow, a principled guidance
mechanism that, by differentiating through its ODE sam-
pling dynamics, conditions PoseRFM at inference without
any task-specific training. Our theoretical analysis shows
that the induced dynamics are shaped by data covariance
and manifold curvature, yielding a bias toward realistic
poses. Across pose completion, denoising, and inverse kine-
matics, PoseD-Flow establishes new state of the art, partic-
ularly under noise, occlusion, and partial observations.

1. Introduction

Humans do not merely occupy environments. We co-create
them. Our physical configuration is our primary interface
with the world, mediating perception, intent, and interac-
tion. This configuration, human pose, is the instantaneous,
deliberate spatial arrangement of the body in 3D. For ma-
chines to operate in human-centric environments, reasoning
about pose is not optional but essential. Yet, faithful 3D
pose estimation remains profoundly challenging: visual ob-
servations are noisy, partial, ambiguous, and frequently oc-
cluded, demanding priors that understand what valid human
pose actually looks like.

The rapid evolution of deep generative modeling has
opened an enticing direction: learning expressive pose pri-
ors that can later be used to infer plausible 3D configu-
rations from incomplete 2D or 3D evidence [14, 24, 43,
50, 56]. Among generative paradigms, diffusion [25, 54]
and flow matching [37, 38] have emerged as state of the
art for modeling complex distributions. However, using
these models as inference engines, e.g., recovering poses
that best explain given observations, requires inverting a
generative process not trained for conditioning. This de-
mands training-free guidance, a notoriously delicate prob-
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lem [16]. While recent efforts have begun to explore guid-
ance [3, 19, 63, 68], principled inversion of unconditional
generative models remains unresolved for human pose.

Several approaches attempt pose recovery by optimiz-
ing in latent or geometry spaces at test time: HuMoR [50]
inverts conditional VAEs, D-Poser [43] optimizes through
diffusion, while PoseNDF [56] and NRDF [24] iteratively
project onto neural distance �elds [13]. Despite their suc-
cess, none leverage the most expressive and tractable gener-
ative paradigm today, �ow matching [37], nor do they treat
human pose in its true con�guration space: a non-Euclidean
product manifold of 3D rotations.

We bridge this gap by proposing PoseD-Flow, the
�rst framework to unite geometric �ow-based pose priors
with training-free guidance. As illustrated in Fig. 1, our
method consists of two key components: (i) PoseRFM:
the �rst Riemannian Flow Matching model of human pose,
which models pose directly on the appropriate manifold
of articulated rotations rather than in unconstrained Eu-
clidean space; (ii) Riemannian D-Flow: a novel, training-
free, geometry-respecting guidance mechanism that en-
ables conditional generation by back-propagating through
the Riemannian-ODE sampling process, yielding a theoret-
ically grounded and empirically powerful strategy for solv-
ing pose recovery as an inverse problem. Unlike classi�er-
free or heuristic guidance methods, Riemannian D-Flow ex-
poses a deeper inductive mechanism: gradients propagate
through the �ow in ways governed by data covariance and
manifold curvature, creating a natural bias toward realistic,
stable pose solutions. The result is a model that not only
generates plausible poses, but inverts reliably, even under
severe occlusions, noise, and partial observations.

Across denoising, pose completion, and inverse kinemat-
ics, PoseD-Flow sets a new state of the art, improving both
geometric accuracy and perceptual plausibility, while being
fully training-free at inference time. Our contributions are:
• PoseRFM, the �rst large-scale, Riemannian Flow Match-

ing (RFM) model of human pose, supporting training-
free, geometry-aware inversion on the articulation space;

• Riemannian D-Flow, a principled, training-free source-
point optimization framework that guides any RFM
model via differentiation through Riemannian ODE sam-
pling, preserving geometry and stability;

• Theoretical insights, revealing that inference dynamics
enjoy an inductive bias shaped by both data covariance
and manifold curvature, offering an explanation for ro-
bustness against noise and ambiguity;

• PoseD-Flow, a versatile framework for human pose esti-
mation, surpassing prior methods on motion denoising,
completion, and inverse kinematics, particularly under
occlusion and perturbations.

Our implementation is publicly available under
github.com/circle-group/PoseDFlow.

2. Related Work

We now review the literature on priors of human pose and
recent methods for inversion. Note that, while several works
such as MotionVAE [36], HuMoR [50], PhaseMP [53],
NRMF [69] or [27, 32, 52, 55, 67], model human motion
unconditionally as well as conditionally [15, 26], our scope
is human pose. We present an extended review in our sup-
plementary material.
Unconditional human pose priors. Human bodies have
been modeled by unconditional priors of various different
kinds including Gaussian Processes [65], VAEs [49], nor-
malizing �ows [18, 51], neural distance �elds (NDFs) [13,
24, 56] and diffusion models [14, 30, 42, 43]. To the best
of our knowledge, there is no unconditional �ow matching
model of human pose, let alone the geometric variant.
Riemannian �ow matching (RFM). The �exible and gen-
eral toolkit offered by RFM has been leveraged across nu-
merous disciplines: in category level pose estimation by
RFMPose [48], molecule generation by FoldFlow [8, 28],
protein backbone generation by FrameFlow [66], generat-
ing materials by FlowMM [45], protein-ligand docking by
FlowDock [46] & MATCHA [20], grasp pose generation by
Equigrasp�ow [34], modeling brain connectivity by Brain-
Flow [8, 72], and for modeling statistical manifolds [8, 72],
metal-organic structure prediction [31] and graph genera-
tion [10].
Guided �ow matching. The Gaussian probability paths
of �ow matching have enabled a range of training-free
methods for controlled generation, allowing a pre-trained
model to generate samples that satisfy some target con-
straints [19, 22, 35, 71]. In particular, FlowGrad [39] in-
serts learnable control variables ut at each integration step
of the ODE and backpropagates a guidance loss through the
trajectory. D-Flow [3] views controlled generation as opti-
mizing the initial noise of a frozen generative model to min-
imize some terminal cost. Extending D-Flow, [29, 63] opti-
mize the source distribution rather than a single point. OC-
Flow [60] guides �ow models by formulating �ow-based
generation as an optimal control problem with convergence
guarantees. While OC-Flow has been extended to SO(3),
and TFG-Flow [35] presented an SO(3)-invariant control,
our work constitutes the �rst general training-free guidance
for RFM. To this end, we inherit D-Flow, due to its simplic-
ity and the possibility of extension to the geometric domain
of human pose we consider here.

3. PoseRFM
We now introduce our expressive and generalizable Rie-
mannian �ow matching model of 3D human pose learned
from real human poses. To construct a �ow on human poses
that connects the target distribution to a source, we must
�rst choose a suitable parametrization of articulation.
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Geometry of human poses. The
pose of a 3D articulated body x:=�

Ri 2 SO(3)gK
i=1

	
is composed of K

joints, each de�ned as a rotation Ri 2
SO(3):

De�nition 1 (SO(3)). Rotations are ele-
ments of the special orthogonal group:

SO(3) =
�

R 2 R 3�3 : R> R = I; det(R) = 1
	

: (1)

The power manifold of rotations M := SO(3)K =
SO(3)�� � ��SO(3), parameterizes all articulated poses. To
geometrize these poses, we leverage the distance dM , expo-
nential map Exp, logarithmic map Log and the Riemannian
gradient grad on this product space [24, 69]:

dM (x; x 0) = kd(R 1; R0
1); d(R2; R0

2); : : : ; d(RK ; R0
K )k2

Logx =
�
LogR 1

; LogR 2
; : : : ; LogR K

�
(2)

Expx =
�
ExpR 1

; ExpR 2
; : : : ; ExpR K

�
(3)

gradx f (x) =
�
gradR 1

f (x); : : : ; grad R K
f (x)

�
(4)

where (Rk ; R0
k ) 2 x 2 SO(3) K , and their operands are in-

herited from SO(3) as explained in our supplementary ma-
terial.

We use the differentiable SMPL body model [40],
M(�; x):=M(�; �; x; �), parametrized by K = 21 joint
rotations x, root translation � 2 R3 and orientation � 2
SO(3), as well as � 2 R16 shape parameters. The joint
positions J 2 R3�22 are obtained via forward kinematics,
while the vertices of the body mesh V 2 R3�6890 via M.
PoseRFM: RFM model of human pose. We learn the
manifold of plausible human poses through Riemannian
�ow matching [12] on a large corpus of data fxi g, which
we now introduce following the necessary de�nitions:

De�nition 2 (Riemannian Flow [12]). A time-dependent
�ow is a one-parameter family of diffeomorphisms f t :
M ! Mg 1

t=0 de�ned by integrating instantaneous defor-
mations represented by a time-dependent vector �eld ut 2
�(T M) on the tangent space (Riemannian �ow-matching
�eld).  t is de�ned by solving the following Riemannian
ordinary differential equation (ODE) on M over t 2 [0; 1]:

d
dt

 t (x) = u t ( t (x)) ;  0(x) = x: (5)

We also denote the �ow map at t = 1 by  1 : M ! M :
 1 (x 0) = x(1), a smooth cost L : M ! R + , and the
source-point objective L (x0) = L ( 1 (x 0)).

De�nition 3 (Probability path). Let P(M) denote the
space of probability distributions on M. A probability path
pt : [0; 1] ! P(M) interpolates between two distributions
p0; p1 2 P(M) indexed by t 2 [0; 1]. p t is said to be gener-
ated by  t if it pushes forward p0 := p(x 0) to p1 := p(x 1)

Algorithm 1 : PoseRFM training

1: Given: base & target distributions: p(x0), p(x1)
2: Initialize: parameters w of network vw (x; t) randomly
3: while not converged do
4: sample noise x0 � p(x 0), target x1 � p(x 1)
5: sample time t � U(0; 1)
6: xt  Exp x 0

(t Log x 0
(x 1))

7: L(w)  kv w (x; t) � u t (x t j x 1)k2
g

8: w  optimizer step(L(w))
9: end while

10: Return: vt

following ut , i.e. pt = [ t ]# (p0). We de�ne a smooth prob-
ability path between data p1 and a reference p0 as

pt (x) =
Z

M
pt (x j x 1) p1(x 1) dV (x1); (6)

where pt (x j x 1) is a geodesic Gaussian kernel with smooth
schedulers �t ; � t > 0 with � 0 = 0 (see suppl. material).

Remark 1 (Velocity �eld). pt satis�es a continuity (Liou-
ville) equation on the manifold: @t pt + div g (pt ut ) = 0,
where ut is the velocity �eld transporting probability mass
along the manifold, where divg is the divergence on M.

We are now ready to de�ne Riemannian-FM (RFM).

De�nition 4 (RFM). Given a probability path pt , subject to
the boundary conditions p0 = p source and p1 = p target , as
well as an associated �ow  t , Riemannian �ow matching
learns a continuous normalizing �ow by directly regressing
ut through a neural network vw (x; t) parametrized by w.

De�nition 5 (Riemannian Conditional FM). The vanilla
RFM objective is intractable as we do not have access to
the closed-form ut generating pt . Instead, we regress vw

against a tractable conditional vector �eld ut (x j x 1), gen-
erating a conditional probability path pt (x j x 1) which can
recover the target unconditional path by marginalization:

ut (x) =
Z

M
ut (x j x 1)

pt (x j x 1)p(x 1)
pt (x)

dVx 1 : (7)

De�nition 6 (Generating conditional vector �eld). RFM
de�nes a vector �eld ut (x j x 1) that generates pt (x j x 1)
through a distance d by enforcing d ( t (x j x 1) ; x 1) =
�(t)d (x; x 1). The minimal-norm conditional �eld is [12]:

ut (x j x 1) =
d
dt

log �(t)
d (x; x 1)

krd (x; x 1)k2
g

rd (x; x 1) : (8)

For the geodesic distance d := dg and �(t) := 1 � t,
krd gkg = 1 and dgrd g = r 1

2 d2
g = �Log x (x 1), giving

ut (x j x 1) =
1

1 � t
Logx (x 1) (9)
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