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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 fields [13]. Despite their suc-
cess, none leverage the most expressive and tractable gener-
ative paradigm today, flow matching [37], nor do they treat
human pose in its true configuration space: a non-Euclidean
product manifold of 3D rotations.

We bridge this gap by proposing PoseD-Flow, the
first framework to unite geometric flow-based pose priors
with training-free guidance. As illustrated in Fig. 1, our
method consists of two key components: (i) PoseRFM:
the first 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 classifier-
free or heuristic guidance methods, Riemannian D-Flow ex-
poses a deeper inductive mechanism: gradients propagate
through the flow 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 first 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 flows [18, 51], neural distance fields (NDFs) [13,
24, 56] and diffusion models [14, 30, 42, 43]. To the best
of our knowledge, there is no unconditional flow matching
model of human pose, let alone the geometric variant.
Riemannian flow matching (RFM). The flexible 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
Equigraspflow [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 flow matching. The Gaussian probability paths
of flow 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 flow models by formulating flow-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 first 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 flow matching model of 3D human pose learned
from real human poses. To construct a flow on human poses
that connects the target distribution to a source, we must
first choose a suitable parametrization of articulation.
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x = {Rk → SO(3)}K
k=1Geometry of human poses. The

pose of a 3D articulated body x :={
Ri ∈ SO(3)}Ki=1

}
is composed of K

joints, each defined as a rotation Ri ∈
SO(3):

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

SO(3) =
{
R ∈ R3×3 : 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′) = ∥d(R1, R
′
1), d(R2, R

′
2), . . . , d(RK , R

′
K)∥2

Logx =
(
LogR1

,LogR2
, . . . ,LogRK

)
(2)

Expx =
(
ExpR1

,ExpR2
, . . . ,ExpRK

)
(3)

gradx f(x) =
(
gradR1

f(x), . . . , gradRK
f(x)

)
(4)

where (Rk, R
′
k) ∈ x ∈ 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(β, x):=M(τ,ϕ, x,β), parametrized by K = 21 joint
rotations x, root translation τ ∈ R3 and orientation ϕ ∈
SO(3), as well as β ∈ R16 shape parameters. The joint
positions J ∈ R3×22 are obtained via forward kinematics,
while the vertices of the body mesh V ∈ R3×6890 via M .
PoseRFM: RFM model of human pose. We learn the
manifold of plausible human poses through Riemannian
flow matching [12] on a large corpus of data {xi}, which
we now introduce following the necessary definitions:

Definition 2 (Riemannian Flow [12]). A time-dependent
flow is a one-parameter family of diffeomorphisms {ψt :
M → M}1t=0 defined by integrating instantaneous defor-
mations represented by a time-dependent vector field ut ∈
Γ(TM) on the tangent space (Riemannian flow-matching
field). ψt is defined by solving the following Riemannian
ordinary differential equation (ODE) onM over t ∈ [0, 1]:

d

dt
ψt(x) = ut (ψt(x)) , ψ0(x) = x. (5)

We also denote the flow map at t = 1 by ψ1 :M → M :
ψ1 (x0) = x(1), a smooth cost L : M → R+, and the
source-point objective L (x0) = L (ψ1 (x0)).

Definition 3 (Probability path). Let P(M) denote the
space of probability distributions onM. A probability path
pt : [0, 1] → P(M) interpolates between two distributions
p0, p1 ∈ P(M) indexed by t ∈ [0, 1]. pt is said to be gener-
ated by ψt if it pushes forward p0 := p(x0) to p1 := p(x1)

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(x0), target x1 ∼ p(x1)
5: sample time t ∼ U(0, 1)
6: xt ← Expx0

(t Logx0
(x1))

7: L(w)← ∥vw(x, t)− ut(xt | x1)∥2g
8: w ← optimizer step(L(w))
9: end while

10: Return: vt

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

pt(x) =

∫
M
pt(x | x1) p1(x1) dV (x1), (6)

where pt(x | x1) is a geodesic Gaussian kernel with smooth
schedulers αt, σt > 0 with α0 = 0 (see suppl. material).

Remark 1 (Velocity field). pt satisfies a continuity (Liou-
ville) equation on the manifold: ∂tpt + divg (ptut) = 0,
where ut is the velocity field transporting probability mass
along the manifold, where divg is the divergence onM.

We are now ready to define Riemannian-FM (RFM).

Definition 4 (RFM). Given a probability path pt, subject to
the boundary conditions p0 = psource and p1 = ptarget, as
well as an associated flow ψt, Riemannian flow matching
learns a continuous normalizing flow by directly regressing
ut through a neural network vw(x, t) parametrized by w.

Definition 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 field ut(x | x1), gen-
erating a conditional probability path pt(x | x1) which can
recover the target unconditional path by marginalization:

ut(x) =

∫
M
ut(x | x1)

pt(x | x1)p(x1)
pt(x)

dVx1 . (7)

Definition 6 (Generating conditional vector field). RFM
defines a vector field ut (x | x1) that generates pt(x | x1)
through a distance d by enforcing d (ψt (x | x1) , x1) =
κ(t)d (x, x1). The minimal-norm conditional field is [12]:

ut (x | x1) =
d

dt
log κ(t)

d (x, x1)

∥∇d (x, x1)∥2g
∇d (x, x1) . (8)

For the geodesic distance d := dg and κ(t) := 1 − t,
∥∇dg∥g = 1 and dg∇dg = ∇ 1

2d
2
g = −Logx (x1), giving

ut (x | x1) =
1

1− tLogx (x1) (9)



Algorithm 2 : Riemannian D-Flow

1: Given: Pre-trained flow model vw ≈ ut, loss L
2: Initialize: x(0)0 ∈ M randomly, v0 = 0,m0 = 0 ∈
Tx0M, hyperparameters α, β1, β2, ε

3: for i = 1, . . . , N do
4: x

(i)
1 ← solve ode(x(i)0 , vw)

5: ∇L ← ∇
x
(i)
0
L(x(i)1 )

6: x
(i+1)
0 ← RAdam step(x(i)0 ,∇L)

7: end for
8: Return: xN1

With this choice of time scheduling Chen & Lipman [12]
then define an explicit Riemannian conditional FM (RCFM)
objective for learning as:

Et,p(x1),p(x0)

∥∥∥∥vw(xt, t) + d(x0, x1)
grad d(xt, x1)

∥grad d(xt, x1)∥2g

∥∥∥∥2
g

,

whose gradient is the same as that of RFM. We use Eq. (9)
to train our PoseRFM, i.e., to obtain the parameters w of
vw. Here, t ∈ U(0, 1) and d(·, ·) is the geodesic distance.

Training algorithm. At each training step, we sample
a x1 ∼ p(x1) from the target distribution and a t ∼
U(0, 1) randomly. Using the conditional probability path
construction, a sample xt ∼ pt (· | x1) is obtained. For
this pair (xt, x1), the target conditional tangent vector field
ut (xt | x1) = ẋt is computed in closed form on TxM. We
also compute the network output vw (x, t) and evaluate the
loss, which is backpropagated to update the network param-
eters w. The pseudo-code is shown in Alg. 1.

Sampling / generation. Once trained, PoseRFM can sam-
ple novel poses by integrating the ODE on the manifold
from t : 0 → 1 using a manifold-aware ODE step, e.g.,
Riemannian-Euler: xt+η ≈ Expxt

(
ηΠTxtM (vw (xt, t))

)
.

Some generation results are shown in Fig. 3.

Implementation details. For all applications, we parame-
terize the vector field vw (x, t) as a time-conditional neural
network using simple a MLP (4 hidden layers, with a hid-
den dim size of 512), and Swish activation function. The
input is a pose xt ∈ (M := SO(3)K) with dimension
189 (21×3×3) concatenated with a time variable t ∈ [0, 1],
and returns a vector in the tangent space Txt

SOK. We train
our model for 50,000 steps using AdamW optimizer [41]
with a learning rate of 1e-3, weight decay of 1e-4, an expo-
nential weight moving average (EMA) of 0.99, and a batch
size of 4096. We use ReduceLROnPlateau scheduler, re-
ducing the learning rate by 0.5 whenever validation loss
stops improving for 5 evaluation steps.

Algorithm 3 RAdam step

1: Given: xk ∈M, mk ∈ Txk
M,vk, ∇xk

L, α, β1, β2, ε
2: gk ← gradxk

L := ΠTxk
M(∇xk

L) ∈ Txk
M

3: mk ← PTxk−1→xk
(mk)

4: mk+1 ← β1mk + (1− β1) gk
5: vk+1 ← β2vk + (1− β2) ⟨gk, gk⟩xk

6: m̂k ← mk+1/(1− βt
1)

7: v̂k ← vk+1/(1− βt
2)

8: ∆xk ← − η m̂k/(
√
v̂k + ε)

9: xk+1 ← Expxk
(∆xk)

4. Riemannian D-Flow: Guiding PoseRFM
We now develop our algorithm, Riemannian D-Flow, to
control the generation process of RFM models, in other
words to invert our PoseRFM. We do so by extending D-
Flow [3] to Riemannian manifolds following [12].

Given a pre-trained (frozen) PoseRFM model,
vw(x, t) ≈ ut(x), represented as a neural network
and some cost function L : M → R+ and associated
regularizers R, our goal is to find likely samples x ∈ M
that provide low cost L(x) and are likely under RFM’s
distribution p(x1). We formulate this as a Riemannian
source-point optimization problem:

min
x0∈M

(
L(x(1)) := Ldata(x(1)) +R(x0, u)

)
, (10)

where x(1) solves the Riemannian ODE in Eq. (5) with ini-
tial condition x(0) = x0.

While our Riemannian D-Flow is a general framework,
in this work, we make particular choices for objectives cu-
rated for human pose. While Ldata is specified for each task
distinctly in Sec. 5, we adopt a trajectory regularizer [61]
common to all applications we consider:

R := Ltraj =

K∑
i=1

N∑
k=1

(
3− tr(xik)

)
, (11)

where xik is the rotation of kth joint at discrete timestep i.
R explicitly forces the angle of rotations to be as small as
possible, preventing wild trajectories and penalizing large,
physically implausible rotations along the trajectory.
Algorithm and implementation details. Given a pre-
trained flow, each iteration of Riemannian D-Flow solves
the ODE forward in time via Euler integration, starting from
x0 := x(0), and obtains x1 := x(1), where the loss L(x1)
is evaluated. The gradient ∇x0

L(ψ1(x0)) is projected onto
the tangent space of x0 to obtain the Riemannian gradi-
ent. We then update the source point x0 using Riemannian
Adam [2]. This algorithm is summarized in Alg. 2. Other
task-dependent hyperparameters are discussed in Sec. 5.

We now provide theoretical insights into the implicit bi-
ases of our Riemannian D-Flow.



4.1. Theoretical Analysis
We now provide a theoretical analysis that reveals an im-
plicit regularization that comes from the choice of optimiz-
ing the cost as a function of the source point, where the
gradient updates follow the data distribution p1 := p1(x1)
by projecting the Riemannian gradient with the local data
covariance matrix while respecting the curvature. Through-
out, we assume the data distribution is supported away from
the cut locus. All omitted proofs are provided in our sup-
plementary material.

Theorem 1 (Tangent denoiser). For the data distribution
x1 ∼ p1 onM, define at any x ∈ M the tangent random
variable ξx := Logx (x1) ∈ TxM. The tangent denoiser µ
at time t given by:

µ(x) := µ1|t(x) = E [ξx | x(t) = x] , (12)

is the unique minimizer of the Riemannian flow matching
loss:

L(v) := E
[
∥ξ − v∥2gx | xt = x

]
. (13)

Theorem 2 (Covariant derivative & covariance). The co-
variant derivative (∇µ)v(x) : TxM → TxM of the tan-
gent denoiser is given by:

(∇µ)v(x) = Ax[C(x)v] +Rx[v], (14)

where Ax[v] is a linear operator, C(x) := C1|t(x) is a self-
adjoint, positive semidefinite linear map TxM → TxM,
representing the covariance under the conditional distribu-
tion, and Rx[v] is a Riemannian remainder:

C(x) = E
[(
ξx − µ1|t

)
⊗
(
ξx − µ1|t

)
| x(t) = x

]
(15)

Rx[v] = E
[
∇(x)

v ξ | x
]
. (16)

As t→ 1,C(x) approaches the local data covariance under
variance scheduling of geodesic kernels: σ → 0.

Remark 2 (Euclidean space as a special case). In a
Euclidean space with Gaussian densities where ξ =

logx (x1) = x1 − x, ∇(x)
v ξ = ∇v (x1 − x) = −v, the

remainder becomes:

Rx[v] = E[−v | x] = −v. (17)

In the D-Flow derivation this constant −v cancels exactly
with the same constant appearing from the score derivative,
leaving no leftover curvature term: Rx = 0 (disappearing
after cancellation). For AGPP in [3], Ax = αt/σ

2
t I .

Corollary 1. The covariant derivative of the marginal ve-
locity field satisfies (◦ denotes composition):

∇ut(x) =
1

1− t
(
C1|t(x) ◦Ax +Rx

)
. (18)

This is the drift of the adjoint ODE, determining the Rie-
mannian adjoint, as we explain next.

Figure 2. Implicit bias: The source point update steers the end-
point gradient towards the reachable subspace induced by the data.

Theorem 3 (Riemannian adjoint). Let Ψ : M → M de-
note the flow such that x1 = Ψ(x0). Then the Riemannian
gradients at the start and end points are related by the Rie-
mannian adjoint (pullback map) Dx0Ψ(x0)

∗:

gradx0
L (x1) = DΨ(x0)

∗ [
gradx1

L (x1)
]
. (19)

Sketch of the proof. The result can be proven using the
standard identities in Riemannian geometry, which we pro-
vide in our suppl. material for completeness.

We finally prove the last bit characterizing the effect of
the source-point update on the end-point.

Theorem 4 (Implicit bias in endpoint update). Con-
sider a small optimization step updating the optimized
source variable: x0 −→ Expx0

(
−η gradx0

L (x1)
)

where
gradx0

L (x1) is given in Eq. (19). As η → 0 (infinitesi-
mal change), the variation of the end-point x1 = Ψ(x0),
denoted δx1 reads:

δx(1) = −η
(
Dx0

Ψ(x0)Dx0
Ψ(x0)

∗)︸ ︷︷ ︸
K self-adjoint, PSD on Tx1

M

gradx(1) L(x(1)),

where K = Dx0Ψ(x0)Dx0Ψ(x0)
∗ resembles a local co-

variance on the endpoint gradient, explaining why the up-
date is biased toward directions of high density, see Fig. 2.

We now discuss the importance of Thm. 2 and Thm. 4.

Remark 3 (Learning is geometry-aware and data-adap-
tive). Updating the source point during guidance leads to
a filtered update on the end point, where the operatorK is a
projection onto the reachable subspace of the endpoint tan-
gent space. When the flow generates the data distribution,
this operator becomes the local covariance of the data man-
ifold. Combined with the decomposition in Eq. (14) into a
data-driven covariance term and an additional curvature-
induced correction arising from the base-point dependence
of the logarithmic map, suggests that the gradient updates
of the terminal point are shaped by the local data covari-
ance in the tangent space informed by the curvature. This is
analogous to Euclidean D-Flow, yet mindful of geometry.



Figure 3. PoseRFM samples from unconditional generation.

5. Experiments
To evaluate its versatility, we evaluate PoseRFM on sev-
eral inverse problems, covering both linear and non-linear
pose problems: unconditional human pose generation, mo-
tion denoising from noisy joints, and human mesh recov-
ery from 2D images (non-linear). We then conduct abla-
tion studies to evaluate the contribution of each component
in PoseRFM. Detailed hyperparameters, additional ablation
studies and evaluations are available in our suppl. material.
Datasets. We use AMASS [44], a large motion capture
database, to train our models using the same preprocessing
and splits as prior work [24, 49, 50, 56]. We evaluate perfor-
mance on the held-out AMASS test split, and further assess
our method’s generalization ability on HPS [23], EHF [49]
and 3DPW [59], without additional finetuning.
Baselines. To ensure a fair comparison, we adopt the exper-
imental setup from DPoser [43] for both training and eval-
uation. To study the impact of our geometric formulation
in isolation, we also train a baseline Euclidean FM model,
PoseFM, under the exact same setup as PoseRFM.
Metrics. For unconditional generation, we evaluate realism
using FID (Fréchet Inception Distance) and dNN (Nearest
Neighbor distance) [24], and quantify diversity with APD
(Average Pairwise Distance). Where a ground truth pose is
available, we use MPJPE (Mean Per Joint Position Error)
and MPVPE (Mean Per Vertex Position Error) to measure
accuracy. We also report their Procrustes Aligned versions,
PA-MPJPE and PA-MPVPE, which are rotation invariant
and capture only body shape errors. Finally, PCK@50 (Per-
centage of Correct Keypoints) evaluates 2D joint localiza-
tion accuracy, counting a joint as correct if its distance to
the ground truth is within 50 mm.

5.1. Evaluations & Results
Pose generation. To generate realistic and diverse poses
unconditionally, we randomly sample x0 and use the mid-
point ODE solver with 100 integration steps. Follow-
ing [24], we sample 20 sets of 500 poses, and report the
mean and 95% confidence intervals across runs in Tab. 1.

Our method achieves SotA performance in realism and

Table 1. Results for unconditional pose generation. Last three
rows indicate our models.

Method FID ↓ APD (cm) ↑ dNN (rad) ↓
GMM [6] 0.435±.017 21.944±.102 0.159±.001

VPoser [49] 0.048±.002 14.684±.138 0.074±.000

GAN-S [17] 0.201±.030 10.914±.396 0.098±.001

Pose-NDF [56] 3.920±.034 37.813±.085 0.838±.001

GFPose-A [14, 24] 1.246±.005 13.876±.116 −
GFPose-Q [14, 24] 1.624±.002 6.773±.112 0.159±.000

FM-Dis [24] 0.346±.007 6.849±.199 0.086±.001

NRDF [24] 0.636±.007 23.116±.105 0.177±.001

Lie-HMR [30] 0.825±.067 23.999±.602 −
DPoser [43] 0.019±.001 14.992±.123 0.073±.001

PoseFM 0.016±.001 14.762±.176 0.079±.000

PoseRFM (N=100) 0.014±.001 15.481±.124 0.069±.001

PoseRFM (N=1000) 0.013±.001 15.544±.167 0.070±.001

fidelity, with the lowest FID and dNN, indicating that
the generated poses closely match real pose distributions.
While not achieving the highest diversity, it remains com-
petitive and outperforms several baselines. Methods achiev-
ing the highest APD (Pose-NDF [56] and NRDF [24]), do
so at a substantial cost to realism, reflected by their higher
FID and dNN scores. Fig. 3 highlights the realism and di-
versity of our generated poses, suggesting a robust prior,
capturing the distribution of plausible body configurations.
Pose completion. We now deploy our learned prior at re-
constructing full human poses from partially observed or
occluded poses, minimizing the total geodesic distance:

Ldata(x) :=
∑
k∈Ω

cos−1

(
tr
(
x⊤k x

obs
k

)
− 1

2

)
(20)

where xk is the rotation of kth joint of the generated pose.
Ω is a known mask partially occluding the observation xobs.

We evaluate this on the AMASS test split [44] with a
subsampling rate of 10, and synthetically occluding four
body parts: left leg, legs, arms and torso. For each occluded
pose, we generate 10 hypotheses and evaluate their accu-
racy against the ground truth (GT) using the mean±std of
MPVPE across all hypotheses. To assess diversity among
generated poses, we compute the APD over the 10 samples.

Our results in Tab. 2 shows competitive performance
across all occlusion types, consistently balancing accu-
racy with diversity, with MPVPE being on par or better
than DPoser [43], while also maintaining high diversity
scores. Fig. 4 shows a qualitative comparison of completed
poses, with occluded joints marked. Both DPoser [43] and
PoseRFM produce realistic and diverse completions. This
example also exposes a key limitation of the MPVPE met-
ric, that assumes the GT pose as the only valid completion
and penalizes other plausible alternatives. This motivates
the need for a more suitable metric accounting for the dis-
tribution of plausible pose completions, akin to an FID.



Table 2. Pose Completion results under varying occlusion scenarios. We report MPVPE (mm) and APD (cm) metrics.

Method Occ. left leg Occ. legs Occ. arms Occ. torso

MPVPE ↓ APD ↑ MPVPE ↓ APD ↑ MPVPE ↓ APD ↑ MPVPE ↓ APD ↑
VPoser [49] 200.51±12.20 2.41 221.34±16.40 5.44 206.72±12.91 4.08 58.71±7.38 1.56
Pose-NDF [56] 168.45±8.66 1.95 169.86±6.12 1.97 260.94±4.81 1.20 114.97±5.43 0.93
CVPoser [43] 128.04±10.36 1.91 134.35±10.17 2.43 162.82±5.58 1.08 51.23±4.32 0.57
DPoser [43] 78.31±27.13 6.53 102.46±25.39 7.75 104.94±26.44 5.69 44.60±14.65 2.21

PoseFM 102.60±34.82 8.77 129.04±30.93 9.94 140.88±35.63 7.85 51.86±17.25 2.70
PoseRFM (ours) 83.81±29.07 6.02 95.00±26.08 7.23 107.36±30.41 5.72 39.75±9.12 1.21

(a) DPoser [43] (b) PoseRFM (ours) (c) Ground truth (GT)

Figure 4. Completed poses with legs (top row) and arms (bottom row) occluded. Visible and occluded joints.

Table 3. Motion denoising results. We report MPJPE (mm) under
different Gaussian noise levels (σ= 4 / 10cm).

Method
AMASS [44] HPS [23]

40 mm 100 mm 40 mm 100 mm

w/o prior 24.19 51.48 23.67 50.87
VPoser [49] 23.42 49.10 22.78 46.69
Pose-NDF [56] 22.13 46.10 21.60 47.50
MVAE [36] 26.80 − − −
HuMoR [50] 22.69 − − −
DPoser [43] 19.87 33.18 20.54 35.32

PoseRFM (ours) 18.88 34.68 19.79 32.95

Motion denoising. Next, we consider motion denoising,
which aims to recover temporally consistent human motion
from noisy joint trajectories. We define the denoising loss:

Ldata := Ljoints + λLsmooth (21)

= ∥Jt − J (M(β, x∗t ))∥22 + λ

K∑
k=1

(dg (xt−1,k, xt,k))

where Jt are some noisy joint inputs, x∗t the estimated
underlying clean pose, J extracts the joints from SMPL
model, and Lsmooth promotes temporal smoothness be-

Table 4. Human Mesh Recovery on EHF [49] dataset. We report
PA-MPJPE (mm).

Method from scratch CLIFF [33] init.

w/o fitting 108.57 56.62
GMM [6] 58.32 51.02
VPoser [49] 58.08 49.39
GAN-S [17] 57.26 49.58
Pose-NDF [56] 57.87 49.50
NRDF [24] 57.38 49.27
DPoser [43] 56.05 49.05

PoseRFM (ours) 54.85 47.24

tween consecutive poses.
We test this approach on the HumanEva subset from

AMASS [44] and the HPS [23] dataset. All sequences are
subsampled at 30 Hz and divided into 60-frame (2s) seg-
ments. We add Gaussian noise with σ = 0.04, 0.1 to the
clean 3D joints and apply our conditional generation frame-
work to recover the denoised poses. Our results in Tab. 3
show that PoseRFM consistently achieves superior perfor-
mance over baselines across datasets and noise levels.
Inverse kinematics. Next, we test our framework on the
non-linear human mesh recovery (HMR) task, which aims
to estimate SMPL parameters (β∗, x∗) from 2D images and



DPoser [43] PoseRFM DPoser [43] PoseRFM

Figure 5. Results of HMR on in-the-wild images from 3DPW [59].
Fitting from scratch (top) and init. using CLIFF [33] (bottom).

observed 2D keypoints Jobs:

Ldata(x,β) = L2D + Lα + Lβ where : (22)

L2D(x,β) = diag(σ)ρ(pobsk −Π(J (M(β, x∗))) (23)

Lα =
∑

i∈(elbow,knees)

exp(Ri), Lβ = ∥β∥2. (24)

σ denote detection confidences, Π represents the perspec-
tive projection, and ρ the robust Geman-McClure func-
tion [6, 21]. If an estimated person segmentation mask is
available, it is used to ignore spurious 2D joints.

We evaluate our method on the EHF [49] and 3DPW [59]
datasets, by following the SMPLify [6] optimization
pipeline. We begin with 2D keypoints predicted by ViT-
Pose [64], initialize the pipeline with the mean pose, and
optimize for camera parameters. We then optimize for
the SMPL parameters (β, x) using Riemannian D-Flow.
Additionally, we test an alternative initialization where
the SMPL and camera parameters are first predicted by
CLIFF [33] and used to initialize Riemannian D-Flow.
We report the predicted joints accuracy using PA-MPJPE
in Tab. 4. We advance the SotA under both initializa-
tion schemes, demonstrating the effectiveness of PoseD-
Flow in solving non-linear inverse pose problems. The
qualitative results in Fig. 5 highlight our method’s abil-
ity to recover accurate poses in complex in-the-wild sce-
narios, often containing out-of-distribution and rare pose
configurations. While PoseRFM generally fits better than
DPoser [43], both methods occasionally struggle with un-
natural hand and foot orientations. We provide an extended
comparison with the current SotA in Tab. 5, including addi-
tional metrics for a more comprehensive evaluation.

Table 5. Detailed HMR evaluation with additional metrics.

Init. Method PA-MPJPE ↓ PA-MPVPE ↓ PCK@50 ↑

from scratch DPoser [43] 56.05 53.67 61.60
PoseRFM 54.85 53.16 65.29

CLIFF [33] DPoser [43] 49.05 52.92 66.62
PoseRFM 47.24 48.67 71.40

Table 6. Ablation study on the effect of geometric components.

Method Geo.
Loss

Traj.
Loss

Occ. left leg Occ. legs

MPVPE ↓ APD ↑ MPVPE ↓ APD ↑

PoseFM

✗ ✗ 102.60 8.77 129.04 9.94
✓ ✗ 215.25 20.11 273.96 25.94
✗ ✓ 141.66 5.92 148.77 6.29
✓ ✓ 180.51 16.81 212.90 20.52

PoseFM
+ geometry

✗ ✗ 99.79 7.45 119.92 8.56
✓ ✗ 91.00 6.34 115.58 7.45
✗ ✓ 129.55 4.86 138.05 4.78
✓ ✓ 90.46 5.79 115.67 6.53

PoseRFM

✗ ✗ 107.32 9.56 120.26 11.26
✓ ✗ 91.80 8.07 107.28 10.02
✗ ✓ 109.35 1.81 129.44 1.50
✓ ✓ 83.81 6.02 95.00 7.23

Ablation study. Finally, we ablate on the contribution of
each Riemannian component of our model on the pose com-
pletion task, including the model type (FM vs. RFM), the
data loss (MSE vs. geodesic), and the trajectory loss. The
results are summarized in Tab. 6. While the Euclidean base-
line (PoseFM) is competitive, its accuracy is limited, re-
flected by its higher MPVPE. Adding geometric losses and
regularization to this model further degrades performance
for PoseFM. This is expected since PoseFM does not model
the underlying manifold. In contrast, PoseRFM yields sim-
ilar initial results but achieves significantly higher accuracy
once geodesic and trajectory losses are incorporated, while
still preserving output diversity.

6. Conclusion
We introduced PoseD-Flow, the first framework to unify
Riemannian Flow Matching with training-free geometric
guidance for human pose understanding. By learning an
expressive pose prior (PoseRFM) directly on the pose man-
ifold and developing a principled mechanism (Riemannian
D-Flow) to invert it, we set a new state of the art across
various challenging tasks, where robustness matters most.
We theoretically show that the induced guidance dynamics
inherit structure from data covariance and manifold curva-
ture, yielding a natural inductive bias toward realistic poses.
Empirically, PoseD-Flow sets a new state of the art across
various challenging tasks.
Limitations & future work. Due to the backpropagation
all the way to the source, our method is not real-time. Fu-
ture work can take inspiration from FlowGrad [39] and OC-
Flow [60] which provide ways to reduce memory usage. We
plan to increase diversity by injecting stochasticity during
inversion. Lastly, we will extend our work to motion.
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Supplementary Material

A. Intuition
We believe that an intuitive understanding of our con-
tributions is essential for appreciating their impact and
value. A human skeleton / pose is best explained not
by a set of real numbers, but by subset of numbers in a
# joints× dim(parameterization)-dimensional space. This
subset exactly corresponds to the product manifold of rota-
tions, parameterized as #joints amount of rotations. This is
not a mere technicality, but a fundamental way to incorpo-
rate the structure in the problem into the solution / method.
In our case, the inclusion of geometry transforms the model
from a purely statistical generator into a structure-aware dy-
namical system. By operating on the manifold of articulated
rotations, the flow respects the intrinsic constraints of hu-
man pose, ensuring that both learning and inference unfold
along physically and mathematically meaningful trajecto-
ries (through curvature and covariance). This is the implicit
bias toward realistic, stable, and data-consistent poses. Rie-
mannian geometry is the key enabler of this, which we will
review next.

B. Geometry of Human Poses
We follow NRDF [24] as well as [4, 5, 11] to provide a de-
tailed treatise regarding the product Riemannian manifold
on which an articulated human pose lives.
Riemannian geometry. We define an m-dimensional Rie-
mannian manifold, embedded in an ambient Euclidean
space X = Rd and endowed with a Riemannian metric
G ≜ (Gx)x∈M to be a smooth curved space (M, G). A
vector v ∈ X is said to be tangent to M at x iff there
exists a smooth curve γ : [0, 1] → M s.t. γ(0) = x
and γ̇(0) = v. The velocities of all such curves through
x form the tangent space TxM = {γ̇(0) | γ : R →
M is smooth around 0 and γ(0) = x}, whose union is
called the tangent bundle: TM =

⋃
x TxM = {(x, v) |

x ∈ M, v ∈ TxM}. The Riemannian metric G(·) equips
each point x with an inner product in the tangent space
TxM, ⟨u, v⟩x = uTGxv. We will also work with a product
of K manifolds, M1:K := M1 ×M2 × · · · × MK , For
identical manifolds, i.e.Mi ≡ Mj , we recover the power
manifold,MK :=M1:K , whose tangent bundle admits the
natural isomorphism, TMK ≃ (TM × · · · × TM). We
now define the operators required for our algorithm.

Definition 7 (Riemannian Gradient). For a smooth function
f : M → R and ∀(x, v) ∈ TM, we define the Rieman-
nian gradient of f as the unique vector field grad f satisfy-
ing [9]:

Df(x)[v] = ⟨v, grad f(x)⟩x (B.1)

where Df(x)[v] is the derivation of f by v. It can further
be shown that an expression for grad f can be obtained
through the projection of the Euclidean gradient orthogo-
nally onto the tangent space

grad f(x) = ∇f(x)∥ = Πx

(
∇f(x)

)
. (B.2)

where Πx : X → TxM ⊆ X is an orthogonal projector
with respect to ⟨·, ·⟩x.

In most packages such as ManOpt [57], Eq. (B.2) is
known as the egrad2rgrad.

Definition 8 (Riemannian Optimization). We consider gra-
dient descent to solve the problems of minx∈M f(x). For a
local minimizer or a stationary point x⋆ of f , the Rieman-
nian gradient vanishes grad f(x⋆) = 0 enabling a simple
algorithm, Riemannian Gradient Descent (RGD):

xk+1 = Rxk
(−τk grad f(xk)) (B.3)

where τk is the step size at iteration k and Rxk
is the re-

traction usually chosen related to the exponential map. Note
that both RGD and its stochastic variant [7] are practically
convergent [7, 9, 47, 58, 70]. Though, only in rare cases is
τk analytically computable. Therefore, most minimizers use
either Armijo or Wolfe line-search [1].

SO(3). We now explaing the space of a single joint. A
rotation R is an element of the SO(3) group:

Definition 9 (SO(3)). Rotations are elements of the special
orthogonal group defined as:

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

}
. (B.4)

Definition 10 (T SO(3)). Differentiating the constraint
gives the tangent space at identity (Lie algebra):

T SO(3) := so(3) =
{
Ω ∈ R3×3 | Ω⊤ = −Ω

}
. (B.5)

Every Ω ∈ so(3) can be written using the hat operator:

Ω = ω̂ =

 0 −ω3 ω2

ω3 0 −ω1

−ω2 ω1 0

 , ω ∈ R3 (B.6)

The inverse map (vee) satisfies (ω̂)∨ = ω. Standard choice
(from embedding in R3×3 ) gives the notion of an inner
product:

Definition 11 (Bi-invariant Riemannian metric & distance).
SO(3) is a compact Lie group with bi-invariant metric

⟨Ω1,Ω2⟩R =
1

2
Tr
(
Ω⊤

1 Ω2

)
= ω⊤

1 ω2. (B.7)



Because the metric is bi-invariant:

d (R1, R2) =
∥∥LogR1

(R2)
∨∥∥

2
= cos−1

(
Tr
(
R⊤

1 .R2

)
− 1

2

)
.

This equals the rotation angle between them.

Definition 12 (Exp / Log maps). At identity the exponential
maps is given by the Rodrigues formula and the logarithmic
map follows from its inverse:

ExpI(ω̂) = exp(ω̂) = I +
sin θ

θ
ω̂ +

1− cos θ

θ2
ω̂2 (B.8)

LogI(R) =
θ

2 sin θ

(
R−R⊤) , θ = cos−1

(
Tr(R)− 1

2

)
,

where θ = ∥ω∥. At a general point R :

ExpR(ω̂) = R exp(ω̂) (B.9)

LogR(Q) = LogI
(
R⊤Q

)
= log

(
R⊤Q

)
(B.10)

Manifold of human poses (M := SO(3)K). We param-
eterize the pose of a 3D articulated body composed of K
joints, x := {Ri ∈ SO(3)}Ki=1, on the power manifold of
rotationsM := SO(3)K = SO(3)× · · · × SO(3).

Definition 13 (Geometry of 3D articulated poses). SO(3)K

turns into a Riemannian manifold (SO(3)K , GK) when en-
dowed with the Lp product metric dSO(3)K : SO(3)K ×
SO(3)K → R:

dM(x, x′) = ∥d(R1, R
′
1), d(R2, R

′
2), . . . , d(RK , R

′
K)∥p,

where R ∈ x ∈ SO(3)K and R′ ∈ x′ ∈ SO(3)K .
In this work, we use p = 1. The natural isomor-
phism further allows us to write its exponential map
Expx : T SO(3)K → SO(3)K component-wise: Expx =(
ExpR1

,ExpR2
, . . . ,ExpRK

)
. Akin to this, is the loga-

rithmic map, Logx. Since the tangent spaces and there-
fore Πx are replicas, the gradient of a smooth function
f : SO(3)K → R w.r.t. x is also the Cartesian product
of the individual gradients:

gradx f(x) =
(
gradR1

f(x), . . . , gradRK
f(x)

)
.

(B.11)

C. Omitted Proofs
We now provide the proofs that are excluded from the main
paper. Whenever necessary, we will recall the definitions
/ theorems from the main paper for the sake of a self-
contained exposition.

Proof that Ltraj promotes small rotations. Let R ∈ SO(3)
represent a rotation by angle θ about some axis. By Ro-

drigues’ rotation formula:

tr(R) = 1 + 2 cos θ (C.1)
min 3− tr(R) = min 2(1− cos θ) (C.2)

argmin
θ

2(1− cos θ) = 0 (C.3)

Hence minimizing Ltraj prefers small angle solutions.

Theorem 5 (Tangent denoiser). For the data distribution
x1 ∼ p1 onM, define at any x ∈ M the tangent random
variable ξx := Logx (x1) ∈ TxM. The tangent denoiser µ
at time t given by:

µ(x) := µ1|t(x) = E [ξx | x(t) = x] , (C.4)

is the unique minimizer of the Riemannian flow matching
loss:

L(v) := E
[
∥ξ − v∥2gx | xt = x

]
. (C.5)

Proof of Thm. 5. The proof follows from the observation
that in an inner-product space the best single-vector predic-
tor (in mean squared error) of a random vector is its con-
ditional expectation. This idea has been key to developing
RFM [12]. We start by expanding the RFM loss (in the tan-
gent space) as:

L(v) = E
[
∥ξ − v∥2 | x

]
= E[⟨ξ − v, ξ − v⟩ | x] (C.6)

= E
[
∥ξ∥2 | x

]
− 2⟨E[ξ | x], v⟩+ ∥v∥2. (C.7)

Observing that the first term does not depend on v, we write:

argmin
v
L(v) = argmin

v
∥v∥2 − 2⟨µ, v⟩ = ∥v − µ∥2.

(C.8)
The unique minimum is obtained at v = µ.

Theorem 6 (Covariant derivative & covariance). The co-
variant derivative (∇µ)v(x) : TxM → TxM of the tan-
gent denoiser is given by:

(∇µ)v(x) = Ax[C(x)v] +Rx[v], (C.9)

where Ax[v] is a linear operator, C(x) := C1|t(x) is a self-
adjoint, positive semidefinite linear map TxM → TxM,
representing the covariance under the conditional distribu-
tion, and Rx[v] is a Riemannian remainder:

C(x) = E
[(
ξx − µ1|t

)
⊗
(
ξx − µ1|t

)
| x(t) = x

]
(C.10)

Rx[v] = E
[
∇(x)

v ξ | x
]
. (C.11)

As t→ 1,C(x) approaches the local data covariance under
variance scheduling of geodesic kernels: σ → 0.



Proof of Thm. 6. By definition of the denoiser, we have:

µ(x) =

∫
TxM

ξp(ξ | x)dξ. (C.12)

We then take the covariant derivative:

(∇vµ) (x) =

∫
∇(x)

v (ξ)p(ξ | x)dξ +
∫
ξ∇(x)

v p(ξ | x)dξ.

The gradient in the first term is the base-point derivative
whereas the second gradient measures how the posterior
weight changes when we move x. Using the score iden-
tity ∇vp = p∇v log p, we re-write the second integral as:

∫
ξ∇vp(ξ | x)dξ =

∫
ξp(ξ | x)∇v log p(ξ | x)dξ

(C.13)

= E [ξ∇v log p(ξ | x) | x] . (C.14)

By the definition of expectation, we have:

E
[
∇(x)

v ξ | x
]
:=

∫
∇(x)

v (ξ)p(ξ | x)dξ. (C.15)

Combining this with Eq. (C.14) and plugging into the defi-
nition of the covariant derivative, we write:

(∇vµ) (x) = E
[
∇(x)

v ξ | x
]
+ E [ξ∇v log p(ξ | x) | x] .

We now make the substitution ξ = µ(x) + (ξ − µ(x)) into
Eq. (C.14) and write:

E [ξ∇v log p(ξ | x) | x] = E [(ξ − µ)∇v log p | x] (C.16)

since E [∇v log p(ξ | x) | x] = 0 (score is 0-mean). This
yields:

(∇vµ) (x) = E
[
∇(x)

v ξ | x
]
+ E [(ξ − µ)∇v log p | x] .

Next, we decompose the score function into linear (best-fit)
and residual, non-linear (orthogonal) terms as follows:

∇v log p(ξ | x) = ⟨Ax[v], (ξ − µ)⟩+ s(ξ, x, v), (C.17)

where Ax : TxM → TxM is a linear map 1, Ax[v] a tan-
gent vector, and E[(ξ − µ)s(ξ, x, v) | x] = 0 from orthogo-
nality. This leads to:

E [(ξ − µ)∇v log p | x] = E [(ξ − µ) ⟨Ax[v], (ξ − µ)⟩ | x]
+ E [(ξ − µ)s(ξ, x, v) | x]︸ ︷︷ ︸

=0

(C.18)

= (Ax ◦ C(x)) [v]. (C.19)

1best-fit linear coefficient in the least-squares sense

The last equality follows from the definition of Riemannian
covariance C(x) in Eq. (C.10). We now collect the terms
and re-write the covariant derivative:

(∇vµ) (x) = E
[
∇(x)

v ξ | x
]

︸ ︷︷ ︸
(Eq. (C.15))

+(Ax ◦ C(x)) [v]︸ ︷︷ ︸
(Eq. (C.19))

. (C.20)

Calling the first term Rx[v] := E
[
∇(x)

v ξ | x
]
:

(∇µ) (x)[v] = Ax[v] ◦ C(x) +Rx[v]. (C.21)

We can also write this in operator-style revealing:

(∇µ) (x) = Ax ◦ C(x) +Rx. (C.22)

Corollary 2. The covariant derivative of the marginal ve-
locity field satisfies (◦ denotes composition):

∇ut(x) =
1

1− t
(
C1|t(x) ◦Ax +Rx

)
. (C.23)

This is the drift of the adjoint ODE, determining the Rie-
mannian adjoint, as we explain next.

Proof of Corollary 2. Pointwise, the velocity of the
geodesic interpolation equals the tangent vector from the
current position to the final endpoint, scaled by the inverse
remaining time:

ut(x) := E
[
Ẋt | xt = x

]
(C.24)

= E
[

1

1− tLogx (x1)
∣∣∣∣ xt = x

]
(C.25)

=
1

1− tE [ξ | xt = x] (C.26)

=
1

1− tµ(x). (C.27)

Plugging Eq. (C.9) in Thm. 6 into Eq. (C.27):

∇ut(x) =
1

1− t (∇µ)(x) =
1

1− t
(
C1|t(x) ◦Ax +Rx

)
.

While the next theorem is a standard result in Rieman-
nian geometry, we nevertheless prove it, showing backprop-
agation through the continuous Riemannian flow is pulling
the gradient at t = 1 back to t = 0 via the Riemannian
adjoint of the flow map.

Theorem 7 (Riemannian adjoint). Let Ψ : M → M de-
note the flow such that x1 = Ψ(x0). Then the Riemannian
gradients at the start and end points are related by the Rie-
mannian adjoint (pullback map) Dx0

Ψ(x0)
∗:

gradx0
L (x1) = DΨ(x0)

∗ [
gradx1

L (x1)
]
. (C.28)
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C(x(1))

Figure C.1. Additional illustration of the implicit bias in differen-
tiating through the solver. A infinitesimally small change in the
source point causes the projection the intrinsic gradient at the end
point onto the flow directions up to a curvature term.

Proof of Thm. 7: Relating Riemannian gradients. Let Ψ :
M → M denote the flow such that x1 = Ψ(x0). Let us
write the composite objective as F (x0) := L ◦ Ψ(x0) =
L(Ψ(x0)) . By the defining property of the Riemannian
gradient, for all ξ0 ∈ Tx0

M, we have

dFx0
(ξ0) =

〈
gradx0

F, ξ0
〉
gx0

, (C.29)

where g is the Riemannian metric. Applying the chain rule
to F yields:

dFx0
= dLx1

◦DΨ(x0), (C.30)

where x1 = Ψ(x0). Evaluating this on ξ0 yields

dFx0
(ξ0) = dLx1

(DΨ(x0)[ξ0]) (C.31)

=
〈
gradx1

L, DΨ(x0)[ξ0]
〉
gx1

, (C.32)

where the last equality again uses the definition of the gradi-
ent. The Riemannian adjoint DΨ(x0)

∗ is defined implicitly
by

⟨v1, DΨ(x0)[ξ0]⟩gx1
=⟨DΨ(x0)

∗[v1], ξ0⟩gx0
, (C.33)

∀ v1 ∈ Tx1
M, ξ0 ∈ Tx0

M. Applying this definition with
v1 = gradx1

L converts Eq. (C.31) into

dFx0(ξ0) =
〈
DΨ(x0)

∗[gradx1
L], ξ0

〉
gx0

. (C.34)

Comparing this with Eq. (C.29), and using the non-
degeneracy of gx0

, we identify the unique tangent vector
that reproduces the linear functional dFx0

, namely

gradx0
F = DΨ(x0)

∗[gradx1
L(x1)], (C.35)

which is precisely Eq. (C.28). This completes the proof.

Theorem 8 (Implicit bias in endpoint update). Con-
sider a small optimization step updating the optimized
source variable: x0 −→ Expx0

(
−η gradx0

L (x1)
)

where
gradx0

L (x1) is given in Eq. (C.28). As η → 0 (infinites-
imal change), the variation of the end-point x1 = Ψ(x0),
denoted δx1 reads:

δx(1) = −η
(
Dx0

Ψ(x0)Dx0
Ψ(x0)

∗)︸ ︷︷ ︸
K self-adjoint, PSD on Tx1

M

gradx(1) L(x(1)),

where K = Dx0Ψ(x0)Dx0Ψ(x0)
∗ resembles a local co-

variance on the endpoint gradient, explaining why the up-
date is biased toward directions of high density.

Proof of Thm. 8. Assume a small gradient step:

x0 −→ x′0 = Expx0

(
−η gradx0

L (x1)
)

(C.36)

For infinitesimal step size η → 0, the first-order variation is

δx0 = −η gradx0
L (x1) ∈ Tx0

M (C.37)

= −ηdΨ(x0)
∗ [

gradx1
L (x1)

]
, (C.38)

where the last equality follows from plugging Eq. (C.28).
The end-point is affected through the flow as: x1 = Ψ(x0)
and x′1 = Ψ(x0 + δx0). Assuming an infinitesimally small
change, this yields:

δx1 := x′1 − x1 = DΨ(x0) [δx0] ∈ Tx1M. (C.39)

Plugging Eq. (C.37) into Eq. (C.39) (substituting δx0),
gives the tangent vector at x1 describing how the endpoint
moves in response to the gradient step at x0:

δx(1) = −η
(
Dx0Ψ(x0)Dx0Ψ(x0)

∗)︸ ︷︷ ︸
K self-adjoint, PSD on Tx1

M

gradx(1) L(x(1)),

where K is a projection onto the reachable subspace of the
endpoint tangent space. When the flow generates the data
distribution, this operator becomes the local covariance of
the data manifold. This completes the proof.

D. Implementation Details
In this section, we detail the implementation setup used in
our experiments.
Training. We train our models using the training split of
AMASS [44]. We preprocess the dataset by trimming the
first and last 10% of all sequences and sampling them at 30
Hz, resulting in approximately 18 million poses. We train
our model for 50000 steps, with a runtime of 8 hours on a
single NVIDIA A30 GPU.
Inverse problems. Here, we expand on the implementa-
tion details of our optimization algorithm. For initialization,



Table D.1. Hyperparameters for various inverse tasks

Task LR Solver NFE Num. of Iters Blending α Loss weights

Pose Completion 0.1 Euler 100 200 / 300 0.25 λdata = 1, λtraj = 1e−3

Motion Denoising 0.25 Euler 100 300 / 400 0.75 λdata = 1, λtemp = 1e−1/1e−2, λtraj = 1e−5

Human Mesh Recovery 0.1 Euler 100 400 0.75 λdata = 1, λα = λβ = λtraj = 50

we use the linear blend strategy from D-Flow [3] for better
convergence. Specifically, we initialize x0 with a blend of
a sample from the source distribution p and the backward
ODE solution of x obs from t = 1 to t = 0:

x0 =
√
α · x obs

0 +
√
1− α · x′0 x′0 ∼ p, (D.1)

where

x obs
0 =

∫ 0

1

vw(x
obs, t) dt (D.2)

xobs varies by task. For pose completion, it corresponds to
the partially observed pose, with the occluded joints filled
with the mean pose. For human mesh recovery, xobs is given
by the output of CLIFF [33]. Using this initialization, the
optimization proceeds as described in Alg. 2. The hyperpa-
rameters used in all experiments are presented in Tab. D.1.

For pose completion, we use 300 iterations for the arms
occluded case, and 200 iterations for all other cases. For
motion denoising, we run 400 iterations when denoising the
HPS [23] dataset and when the noise standard deviation is
set to 0.1, along with setting λtemp = 1e−1 for the latter.

For pose completion, we evaluate on the AMASS test
split with a sampling rate of 10. We generate 10 hypothe-
ses for each partial ground truth. For motion denoising, we
use the HumanEva split from AMASS and the HPS [23]
dataset. Both datasets undergo the same preprocessing: we
sample motions at 30 Hz and segment them into 60-frame
chunks. This yields 190 sequences from HumanEva and
6,359 from HPS. To limit HPS size, we randomly select 50
sequences per subject with a seed of 42, resulting in a fi-
nal set of 350 sequences. For human mesh recovery, we
use the EHF [49] dataset, which contains 100 images. We
extract 2D keypoints using ViTPose-H [64]. When initializ-
ing with CLIFF [33], we predict the poses using the “hr48-
PA53.7 MJE91.4 MVE110.0 agora val.pt” checkpoint.
Additional Details on the Teaser Figure. Fig. 1 depicts
how the noise distribution p(x0) flows towards the data dis-
tribution p(x1) with PoseRFM. We project the distributions
onto a 2D surface embedded in 3D space. While the extrin-
sic shape of this surface is arbitrarily chosen for illustrative
purposes, the distributions mapped onto it are rigorously
obtained by dimensionally reducing real flow trajectories.
In particular, we randomly sample 10, 000 poses onM =

SO(3)K : {x(i)0 }10k
i=1 ∼ p(x0) and propagate them using the

learned PoseRFM, vw (x, t). We record samples positions
on the manifold {x(i)t }10k

i=1 for multiple time-steps t. Then
we collect all these samples and learn a transformation to
a common two-dimensional manifold using PaCMAP [62]
with its default hyperparameter selection, but replacing
the available distances with the correct geodesic distance,
dSO(3)K . The learned transformation is used to project

the samples ({x(i)t }10k
i=1) at t = [0.0, 0.2, 0.4, 0.6, 0.8, 1.0],

which are then used to estimate the distributions via ker-
nel density estimation. The same transformation is also
used to draw the optimization trajectories of Riemannian
D-Flow on p(x0) and p(x1).
Further details. (i) How is β obtained? For IK from im-
ages, we use CLIFF [33] to predict human pose and shape
β, and then refine these predictions via optimization. For all
other tasks, we fix β = 0 and optimize for the pose. (ii) FID
for pose. As in NRDF [24], we compute the FID using the
Frechet distance between the 3D positions of the generated
and real body joints, both obtained through SMPL model.
(iii) Dimension of ut. Our flow field lives in the tangent
space of K articulated joints. Hence, dim(ut) = K × 3.

E. Additional Results

Ablation studies. First, we conduct an ablation study on
the sampling strategy for unconditional pose generation.
We evaluate the impact of different ODE solvers, retrac-
tion methods, and number of function evaluations (NFE),
aiming to balance generation quality, diversity, and runtime.
The results are summarized in Tab. E.1, with the best con-
figuration highlighted.

Using the midpoint ODE solver increases sample diver-
sity with only a small runtime overhead, while integrat-
ing for 1000 steps offers no meaningful gains. For retrac-
tion, projecting back to the manifold after every step is pro-
hibitively slow and provides no benefit, making it impracti-
cal. Retraction only at the final step or using the Exp map
are both viable; with the former being faster, while the latter
yielding higher diversity.

We perform the same analysis for the pose completion
inverse task. Guided by the previous findings, we exclude
per-step retraction and the 1000 NFE setting. We evaluate
accuracy, diversity, and runtime for the remaining choices,
as shown in Tab. E.2.

In this setting, using the midpoint solver becomes more



Table E.1. Ablation results on sampling strategies for pose generation

Solver Retraction 100 steps 1000 steps

FID ↓ APD ↑ dNN ↓ Time ↓ FID ↓ APD ↑ dNN ↓ Time ↓

Euler
Last step 0.013 14.984 0.066 0.614 0.013 15.401 0.069 2.028

Every step 0.014 15.256 0.068 28.406 0.014 15.431 0.069 284.602
Exp map 0.014 15.252 0.068 1.294 0.014 15.431 0.069 10.734

Midpoint
Last step 0.014 15.447 0.070 0.773 0.014 15.451 0.070 3.570

Every step 0.014 15.448 0.070 28.401 0.014 15.451 0.070 284.082
Exp map 0.015 15.786 0.071 1.383 0.014 15.483 0.070 12.350

Table E.2. Ablation results on sampling strategies for pose com-
pletion.

Solver Retraction Occ. left leg Occ. legs

MPVPE ↓ APD ↑ Time ↓ MPVPE ↓ APD ↑ Time ↓

Euler Last step 83.81 6.02 100.71 95.00 7.23 106.10
Exp map 82.89 5.94 483.72 94.20 7.18 475.08

Midpoint Last step 83.85 6.12 140.55 95.82 7.37 146.80
Exp map 84.01 6.12 523.92 95.90 7.38 517.94

Table E.3. Runtime comparison across various tasks. Timings are
measured in seconds.

Task Batch Size DPoser [43] PoseFM PoseRFM

Pose Generation 500 1.055 0.118 0.773
Pose Completion 500 0.82 20.91 100.71
Motion Denoising 60 5.07 32.49 80.85
HMR (IK) 100 17.05 47.90 120.13

expensive as it requires two passes through the model per
step, unlike Euler’s single pass. Likewise, using the Exp
map significantly slows optimization with only modest ac-
curacy gains. We adopt the highlighted configuration for
this and all other inverse problems.
Runtime comparison. We benchmark the runtime for each
task over 10 runs and report the median in Tab. E.3. All
measurements were performed on a NVIDIA A100 GPU.

The ODE formulation of flow models enables fast pose
generation relative to SotA diffusion methods. Unfor-
tunately, the benefits stop there: PoseRFM remains or-
ders of magnitude slower than diffusion-based approaches
in downstream tasks. Each iteration of Riemannian D-
Flow requires backpropagating all the way to the source
point, which is substantially slower than the single-step
denoising used in DPoser [43]. In addition, Riemannian
D-Flow requires differentiating through geometric compo-
nents such as geodesics and Exp map, introducing further
computational overhead. Developing an optimized version
of our algorithm is left for future work.
Convergence analysis. Thus far, we have focused on the
final output of our inverse algorithm. In this section, we
will examine the behavior of x1 throughout optimization.
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Figure E.1. Convergence comparison for various methods on pose
completion with legs occluded.

We first plot the convergence curves in Fig. E.1, showing
how accuracy and diversity evolve over the optimization
steps. For this analysis, we use the pose completion task
with legs occluded, and compare four methods: the diffu-
sion baseline DPoser [43], PoseFM, PoseRFM with Rie-
mannianSGD, and PoseRFM with RiemannianAdam.

For MPVPE, both PoseFM and PoseRFM with RSGD
stop converging after a few iterations, leading to their poor
accuracy. Meanwhile, PoseRFM with RAdam continues to
improve up to 400 iterations. APD follows a similar pattern,
except that flow and diffusion models converge differently.
DPoser [43] begins with similar poses and gradually intro-
duces diversity, while PoseRFM starts from diverse poses
and progressively converges toward poses resembling the
ground truth. To further illustrate this behavior, we plot in-
termediate poses at various iterations K for the same in-
verse problem in Fig. E.2. A similar visualization for hu-
man mesh recovery is shown in Fig. E.3. In this case, both
DPoser [43] and PoseRFM converge rapidly, with later iter-
ations introducing only minor refinements.

Metrics for unoccluded regions. Since unoccluded joints
are observed as ground truth in the data, their fitting error
is 0 by construction. To better understand the fitting, we re-
move this replacement step and report results for both the
visible regions and the full pose in Tab. E.4. Although the
geodesic loss is geometrically accurate, it is harder to opti-
mize than simple MSE. Nevertheless, our method general-



(a) DPoser [43]

(b) PoseRFM

(c) Ground truth

Figure E.2. Intermediate results at iterations K for pose completion with occluded legs. Left to right: (K = 0, 40, 80, 120, 160, 200).

(a) DPoser [43]

(b) PoseRFM

(c) Ground truth

Figure E.3. Intermediate results at iterations K for inverse kinematics. Left to right: (K = 0, 100, 200, 300, 400, 500).

Figure E.4. More samples from unconditional generation using PoseRFM.



Table E.4. Additional Pose Completion metrics

Method Occ. part MPVPE ↓ APD ↑
Vis. Occ. Full Vis. Occ. Full

DPoser [43] Left leg 0.38 78.31 6.59 0.01 6.53 1.22
Ours Left leg 10.02 83.81 16.03 0.81 6.02 1.76

DPoser [43] Legs 0.60 102.46 17.26 0.01 7.75 2.80
Ours Legs 8.57 95.00 22.66 0.74 7.23 3.10

DPoser [43] Arms 19.19 104.94 28.54 0.01 5.69 2.09
Ours Arms 26.56 107.36 36.46 0.60 5.72 2.55

izes well to occluded regions despite potential underfitting.

Qualitative comparison. We provide additional qualitative
examples for pose generation (Fig. E.4), pose completion
(Fig. E.5), motion denoising (Fig. E.6), and human mesh
recovery (Fig. E.7). Comments on each comparison are in-
cluded in the corresponding figure captions.
Beyond human pose. Our versatile Riemannian D-Flow
framework can be used across different data domains and
tasks. To illustrate, we now provide an application in Earth
science. In this context, we no longer operate on the power
manifold of rotations, but on the surface of the Earth, which
is approximated by a sphere S2 embedded in the ambient
3D Euclidean space R3. Samples on this manifold are now
points on S2.

We leverage the pre-trained RFM models of [12] as pri-
ors over the distributions of: volcanic activity (since 4, 360
BC), earthquakes (since 2, 150 BC), major floods (since
1985), and recent wildfires. Each data point represents the
spatial occurrence of an event, without currently factoring
in temporal or auxiliary meteorological data (e.g., temper-
ature, wind, pressure, etc.). With each of these models we
formulate an inpainting problem on a portion of the Earth’s
surface and use our Riemannian D-Flow framework to in-
fer the x0 producing the most accurate results outside the
region to be in-painted. Guidance is still provided in the
form of Riemannian source-point optimization following
Eq. (10):

min
x0∈S2

(
L(x(1)) := Ldata(x(1)) +R(x0, u)

)
.

Ldata(x(1)) is conceptually similar to Eq. (20), but uses the
geodesic distance on S2

dS2(xa, xb) = r arccos
(xa · xb

r2

)
,

and the mask is applied on a subset Ω ⊂ S2 of S2 rather
than on the state itself. Assuming to operate on a unit-
sphere, the data loss can be written as:

Ldata(x1) =
∑

i∈(S2\Ω)

arccos
(
x
(i)
1 · x

(i)
obs

)
,

Table E.5. Dataset specifications for the climate experiments

Event Masked region GT size Total Test size

Volcano Japan & nearby 16 82
Earthquake Central & South America 104 612
Flood South & South-East Asia 182 487
Fire Africa 499 1280

Table E.6. Negative log-likelihood (NLL) measured on the in-
painted region on Earth Climate dataset.

Method Volcano Earthquake Flood Fire

D-Flow [3] -4.669 0.445 -0.171 -0.472
Riemannian D-Flow -6.337 -0.641 -0.451 -1.174

where x(i)obs is the i-th observed data point (ground truth) out-
side the masked region. By minimizing the full objective
using this data term, the prior allows us to infer plausible
points also within the masked region Ω.

We use the test split of each dataset as our ground truth
and select regions across the Earth where the correspond-
ing natural event has commonly occurred. Details of the
selected regions are provided in Tab. E.5. We compare 2
methods, D-Flow [3] and Riemannian D-Flow, for recover-
ing the missing points in the masked regions. We evaluate
performance using the negative log-likelihood (NLL) of the
predicted points within the masked area, where lower val-
ues indicate a higher likelihood of the event occurring at that
point. Results for all four datasets are presented in Tab. E.6.
Riemannian D-Flow achieves the best performance across
every event, indicating its generalizability to different man-
ifolds. To visualize the results, we plot the masked regions,
along with the ground truth and predicted points in Fig. E.8.



(a) DPoser [43] (b) PoseRFM (ours) (c) Ground truth (GT)

Figure E.5. Completed poses with left leg (top), right arm (middle) and torso (bottom) occluded. We show both visible and occluded joints.
PoseRFM continues to generate realistic and diverse completions, except in the torso-occlusion case, where the limited diversity is clearly
noticeable.

(a) DPoser [43] (b) PoseRFM (ours) (c) Ground truth (GT)

Figure E.6. Motion denoising with standard deviations of 40mm (top row) and 100mm (bottom row).



DPoser [43] PoseRFM DPoser [43] PoseRFM DPoser [43] PoseRFM

Figure E.7. Additional results of HMR on in-the-wild images from 3DPW [59]. Fitting from scratch (top) and initialization using
CLIFF [33] (bottom). These results highlight the strength of PoseRFM on a challenging non-linear problem. DPoser [43] fails to op-
timize in two cases, and predicts poses with self-intersections.



130 135 140 145 150 155 160 165

Longitude

30

35

40

45

50

55

60

L
at

it
u

d
e

Volcano

−110 −100 −90 −80 −70 −60 −50 −40

Longitude

−50

−40

−30

−20

−10

0

10

20

L
at

it
u

d
e

Earthquake

70 80 90 100 110 120

Longitude

−10

0

10

20

30

40

L
at

it
u

d
e

Flood

−10 0 10 20 30 40 50

Longitude

−30

−20

−10

0

10

20

30

L
at

it
u

d
e

Fire

GT

D-Flow

RD-Flow

Figure E.8. Results on the climate dataset. Each visualization depicts the prediction over the region to be inpainted Ω. Riemannian D-
Flow generates geographically consistent and likely points across diverse hotspots. In contrast, D-Flow often produces unlikely predictions,
such as wildfires appearing in the ocean, leading to its poor NLL.
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