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Figure 1. Our framework, MVLIift, can be trained only on 2D pose sequences and generate 3D motions including joint rotations and root
trajectories in the world coordinate system. The approach generalizes to the various domains of human poses, interactions, and animal poses.

Abstract

Estimating 3D motion from 2D observations is a long-
standing research challenge. Prior work typically requires
training on datasets containing ground truth 3D motions,
limiting their applicability to activities well-represented in
existing motion capture data. This dependency particularly
hinders generalization to out-of-distribution scenarios or
subjects where collecting 3D ground truth is challenging,
such as complex athletic movements or animal motion. We
introduce MVLift, a novel approach to predict global 3D
motion—including both joint rotations and root trajectories
in the world coordinate system—using only 2D pose se-
quences for training. Our multi-stage framework leverages
2D motion diffusion models to progressively generate consis-
tent 2D pose sequences across multiple views, a key step in
recovering accurate global 3D motion. MVLift generalizes
across various domains, including human poses, human-
object interactions, and animal poses. Despite not requiring
3D supervision, it outperforms prior work on five datasets,
including those methods that require 3D supervision.

T indicates equal advising.

1. Introduction

Generating 3D motion is critical for applications in com-
puter graphics, embodied Al, and robotics. High-quality
3D motion datasets [1, 11, 24, 32, 46], essential for devel-
oping generative models that synthesize human movement,
are typically obtained using advanced motion capture sys-
tems. However, these systems are often confined to lab
environments and are costly to scale, particularly for captur-
ing complex motions that require specialized expertise, such
as dancing, yoga, and gymnastics. Extensive work has stud-
ied monocular video pose estimation to predict 3D human
motion from 2D observations without the need for elaborate
mocap setups ([15, 43, 66]). Despite advancements, even
state-of-the-art methods ([43]) still heavily rely on motion
capture datasets and videos with paired 3D ground truth.
This dependence limits their ability to generate accurate
global 3D motions for out-of-distribution motions—those
not well-represented in existing 3D datasets.

To overcome the challenge of generating out-of-
distribution 3D motions, recent studies have explored meth-
ods to leverage in-domain 2D poses and generate 3D poses
using only 2D poses during training. Some efforts train mod-



els exclusively on 2D poses of a single step, often resulting
in unsmooth motions and noticeable artifacts when applied
to 2D pose sequences [54]. Recent work has employed a
pre-trained unconditional 2D motion diffusion model to gen-
erate 3D motions from sampled noise [14], demonstrating
the ability to produce complex movements not typically cov-
ered by existing datasets, such as gymnastics, horse motion,
and basketball. However, this approach does not account
for the global translation of 3D motion. In this work, we
address the challenge of predicting global 3D motion for
out-of-distribution scenarios using only domain-specific 2D
pose data (e.g., human, animal, or interaction). Unlike prior
work that primarily focuses on generating 3D motion with a
fixed root joint, our goal is to accurately predict realistic 3D
motion with root trajectories in the world coordinate system
from 2D pose sequence inputs.

The problem of estimating global 3D motion from 2D
pose sequences can be effectively addressed using a single-
stage network when 3D training data is available [66]. How-
ever, training a single-stage model using solely 2D poses is
challenging due to the lack of direct supervision for either
3D motion or consistent multi-view 2D poses. To address
this fundamental challenge, we propose a multi-stage ap-
proach, MVLift, which progressively establishes multi-view
consistency through 2D motion diffusion models, enabling
accurate 3D motion recovery without 3D training data.

MVLift consists of four stages. First, we train a line-
conditioned diffusion model that learns to predict 2D pose
sequences following epipolar lines. These epipolar lines,
derived from the fundamental matrix relating two camera
views, ensure corresponding points in different views lie
along corresponding lines, enforcing basic geometric consis-
tency. Second, we develop a joint optimization method for
multi-view 2D motion sequences using two objectives: (1) a
multi-view consistency objective to ensure geometric rela-
tionships across views, and (2) Score Distillation Sampling
(SDS) based on our trained line-conditioned diffusion model
to maintain motion realism. While this approach generates
plausible multi-view 2D sequences that enable 3D motion
recovery, the optimization process cannot guarantee perfect
view consistency, affecting the accuracy of reconstructed
3D motions. To address this limitation, we leverage these
optimized results to create a synthetic dataset. Although the
optimized 3D motions may not perfectly align with input 2D
sequences, they preserve motion realism. By reprojecting
these synthetic 3D motions to different views, we obtain
strictly consistent multi-view 2D sequences. Finally, we use
these sequences to train an efficient diffusion model that
directly generates multi-view consistent 2D sequences in a
single forward pass.

Our work makes three contributions. First, we introduce
a novel framework, MVLift, for estimating global 3D mo-
tion from a single-view 2D pose sequence without any 3D

training data, addressing a fundamental limitation in exist-
ing approaches. Second, we demonstrate how multi-view
consistency can be progressively established through 2D mo-
tion diffusion, providing a new perspective on 3D motion
estimation. Third, we show that MVLift generalizes across
various domains (humans, animals, and interactions) and
significantly outperforms existing methods on five datasets,
even those trained with 3D supervision.

2. Related Work

Human Pose Estimation from 2D Poses. With the advent
of datasets containing paired 2D videos and ground truth
3D motions [10, 34, 44], various approaches have been pro-
posed to learn the mapping between 2D human joints and
3D human joints, including fully connected networks [33],
temporal convolution networks [37, 37], GCN-based net-
works [3, 6, 55], and more recently, Transformer-based mod-
els [26, 39, 63, 65]. The typical paradigm involves training
neural networks to regress 3D poses from 2D pose inputs.
However, this is constrained by the limited availability of
paired data and is often incapable of predicting accurate 3D
poses outside the distribution of paired data. To address this
problem, a recent work, MotionBERT [66], leverages the
large-scale mocap dataset [32] to generate paired 2D and 3D
data for training, showcasing superior results. Nevertheless,
the issue of limited data availability persists. To overcome
this data challenge, some work explores the problem of
estimating 3D poses by training solely on in-domain 2D
poses, without any 3D ground truth poses. For example, Ele-
Pose [54] predicts 3D pose and camera pose simultaneously
with a reprojection loss and a pose prior loss. MAS [14]
optimizes 3D motion using the learned 2D motion diffusion
model. However, these methods do not account for the global
trajectory of 3D motion. In our work, we use a 2D motion
sequence as input and predict global 3D motion, including
joint rotations and a root trajectory in the world coordinate
system, without training on any 3D motion data.

Human Pose Estimation from Videos. Estimating
SMPL [30] parameters from images [2, 12, 16, 17, 19, 22,
23, 36, 62] or videos [13, 15, 40, 43, 53, 56] has been ex-
tensively studied in recent years. Reconstructing human
mesh from images has been improved by incorporating op-
timization techniques [2] into the learning pipeline [19]
and leveraging more powerful backbones [8] such as Trans-
formers [52]. In terms of recovering human mesh from
videos, prior works [5, 15, 31] employ recurrent neural
networks to integrate temporal information and produce
smooth 3D motion predictions. However, these works do
not predict global root trajectories. Recently, there has
been growing attention on predicting global 3D motion
from videos [18, 43, 45, 60, 61, 64]. Some works lever-
age the success of local 3D pose estimation as initializa-



tion and use motion priors to further optimize global pose
and camera parameter predictions [60, 61]. A recent work,
WHAM [43], developed a pipeline that generates 3D motion
in the world coordinate frame with a single forward pass.
However, the global trajectory prediction module in this
pipeline was trained on datasets containing ground truth 3D
motion [10, 32, 34], which constrains its ability to predict
accurate root trajectories for motions outside of the data dis-
tribution. In this work, we generate global 3D motions from
2D pose sequences without RGB data input. Our approach
does not rely on any 3D motion data or paired video and
3D data for training, leveraging only 2D pose sequences ex-
tracted from monocular videos. The approach generalizes to
various domains such as animal motions and human-object
interactions, lifting 2D pose sequences to global 3D motion.

Multi-View Image Generation. Based on a large-scale
3D object dataset [7], considerable research has explored
generating 3D objects through novel view image synthesis.
Zero-1-to-3 [27] pioneered the approach of using a single
image and a specified camera pose as inputs to predict the
corresponding image from a new camera view. Subsequent
works [4, 28, 29, 41, 42, 47, 49, 58] have advanced the
field by directly training multi-view image diffusion models
that can simultaneously generate consistent multi-view im-
ages. Recent efforts have also extended this idea to the more
challenging task of multi-view video generation [20, 51]. In-
spired by these advancements, we reformulate the prediction
of 3D motion as the generation of multi-view 2D motion
sequences. Unlike prior efforts, which require synchronized
multi-view images during training, our work circumvents
the need for consistent multi-view 2D motion sequences.
Instead, we train exclusively on single-view 2D motion se-
quences extracted from monocular videos.

3. MVLift

Our goal is to estimate global 3D motion, including both
joint rotations and root trajectories in the world coordinate
system, from a single-view 2D pose sequence. For motions
well-represented in existing 3D datasets, this task can be ad-
dressed using a single-stage network trained with 3D supervi-
sion, as demonstrated in prior work [66]. However, for many
out-of-distribution scenarios such as complex athletic move-
ments or animal motions, 3D motion data and multi-view
recordings are often unavailable or difficult to collect. In
this case, a single-stage approach becomes infeasible due to
the lack of direct 3D supervision. To address this challenge,
we propose a multi-stage framework, MVLift, which only
requires readily available single-view 2D data and leverages
learned 2D motion diffusion priors to progressively establish
multi-view consistency for 2D pose sequences across differ-
ent views, enabling accurate reconstruction of realistic 3D
motions without requiring any 3D supervision.

The key insight is that while a single 2D sequence pro-
vides limited 3D information, a diffusion model trained on
diverse 2D motions can learn rich priors about how poses
appear from different views. We use the learned 2D diffusion
priors combined with geometric constraints to progressively
strengthen the consistency of multi-view 2D sequences.

As illustrated in Figure 2, our framework operates in
four stages, each strengthening multi-view consistency in
different ways. In Stage 1, we train a line-conditioned dif-
fusion model that generates 2D pose sequences respecting
epipolar line constraints. While this ensures basic pairwise
consistency between views, achieving global multi-view con-
sistency requires jointly considering all views. In Stage 2,
we establish stronger multi-view consistency through an op-
timization method that directly optimizes multi-view 2D
sequences using explicit multi-view consistency objectives,
while maintaining motion realism through Score Distilla-
tion Sampling (SDS) based on our trained diffusion model.
Although this optimization approach generates plausible
multi-view 2D sequences, achieving perfect geometric con-
sistency across all views through optimization alone remains
challenging. To overcome this limitation, we leverage these
roughly consistent multi-view sequences in Stage 3 to re-
cover plausible 3D motions through optimization with 2D
reprojection objectives. By reprojecting these recovered 3D
motions to multiple views, we obtain a synthetic dataset of
strictly consistent multi-view 2D sequences. Finally, in Stage
4, we train a specialized diffusion model to directly generate
multi-view consistent 2D sequences in a single forward pass.

This progression from pairwise geometric constraints to
global optimization to learned multi-view generation allows
us to obtain high-quality 3D motion estimation without any
ground truth 3D data for training. The following sections
detail each component of our framework and how they work
together to achieve 3D motion reconstruction.

3.1. Line-Conditioned 2D Motion Diffusion Model

We denote a 2D motion sequence as X € RT*/*2 where
T is the number of time steps and J is the number of joints.
Each joint position at time step ¢ is denoted by (z7,y]). We
define line conditions L € RT*J*3 ‘where each joint’s line
is parameterized by coefficients (a7, b7, ;) following the
equation a]x] + bly] + ¢} = 0. Given line conditions, we
learn to generate a 2D pose sequence where each predicted
joint position (&7, 97 ) aligns with its input line.

Epipolar Line Generation. Epipolar geometry provides
geometric constraints that help ensure multi-view consis-
tency in our approach. During testing, given a 2D pose
sequence X and a specified (rather than real) camera intrin-
sics matrix K, we compute epipolar lines across different
camera views using essential matrices E,, € R3*3_ where
v € 1, ..., 5 indexes the camera views. These essential ma-
trices encode the relative rotations and translations between
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Figure 2. Overview of our multi-stage framework. In Stage 1, we train a 2D motion diffusion model conditioned on simulated epipolar lines.
Stage 2 utilizes this model to optimize multi-view 2D motion sequences, achieving only roughly consistent sequences. These sequences are
used for 3D motion optimization in Stage 3, and the synthetic 3D data is then reprojected into strictly consistent multi-view 2D sequences.
In Stage 4, we train a multi-view 2D motion diffusion model on these data to efficiently generate consistent 2D sequences across views.

views and are used to compute fundamental matrices as
F, = K-TE,K~!. For a 2D point x = (x,%,1)7 in the
input view, its corresponding epipolar line in view v is com-
puted as 1, = F,x, with coefficients (a,, by, ¢,) defining
the line equation a,x + b,y + ¢, = 0. During training,
since only single-view 2D pose sequences are available, we
simulate epipolar constraints by randomly sampling a virtual
epipole for each sequence. For each joint j at timestep ¢, we
create a line connecting it to this virtual epipole, resulting
in line coefficients (af, b, c]) that serve as conditions for
training our line-conditioned diffusion model.

Conditional Diffusion Model. Given line conditions L,
we train a conditional diffusion model that learns to gen-
erate 2D motion sequences that respect epipolar geometry
constraints. The diffusion model consists of a forward dif-
fusion process and a reverse diffusion process. The forward
diffusion process progressively adds noise to the data repre-
sentation X until, after n steps, it resembles Gaussian noise.
The reverse diffusion process involves learning a neural net-
work that denoises the data representation starting from a
noisy data state X,,. Each denoising step is represented as,

po(Xn—1|Xn, L) := N (Xp—1; po( Xy, n, L), B), ()

where 6 represents the parameters of a neural network, pig
represents the predicted mean, and 3, is a fixed variance.
Predicting the mean is re-parameterized as predicting the
clean data representation X. The training loss is defined as
a reconstruction loss following prior work [9],

L =Ex,n||Xo(Xn,n, L) — Xo1. 2)

We implement the denoising network using a transformer
architecture [52], which has proven effective for motion syn-
thesis [24, 48, 50]. The line conditions L are incorporated by

concatenating them with the noisy pose features X, along
the feature dimension before feeding into the transformer.

Line Matching Loss. We introduce an additional loss to
ensure the predicted 2D joint positions conform to the input
line conditions. This loss, defined as the perpendicular dis-
tance from each joint to its associated line, encourages the
generated joints to satisfy the geometric constraints imposed
by these lines. The loss is formulated as

T J
Line =YY lajd] +big] + ], (3)

t=1 j=1

where (27, 4j/) are predictions of the j-th joint at time step ¢.

3.2. Multi-View 2D Motion Optimization

While our line-conditioned diffusion model can generate 2D
pose sequences for unobserved views using epipolar line
constraints, these generated sequences may lack consistency
across all views. This occurs because epipolar geometry
only enforces pairwise constraints between each unobserved
view and the input view, without ensuring global multi-view
consistency. Such inconsistencies can lead to suboptimal
3D reconstruction results. To address this limitation, we
propose a multi-view optimization strategy that jointly op-
timizes 2D motion sequences { Xy}, k = 1,2, ...,5 across
all unobserved views. The camera views are arranged in
a circular configuration around the origin, with the input
view and five unobserved views separated by 60-degree in-
tervals. Given this structured camera setup, our approach
combines two optimization objectives: one objective is to
ensure each 2D motion sequence is realistic, achieved using
Score Distillation Sampling (SDS), and the other is to main-
tain consistency among different camera views, achieved



through our designed multi-view consistency loss. We detail
each optimization objective as follows.

Score Distillation Sampling. We adapt Score Distillation
Sampling (SDS) proposed in DreamFusion [38] to optimize
multi-view 2D pose sequences. The goal is to ensure that the
2D pose sequence in each view conforms to the distribution
determined by the learned line-conditioned 2D motion diffu-
sion model. The gradient for SDS is computed as follows:

Va,,Lsps = Ep c[w(n)(eo(Xn,n,L) —¢€)], (4

where the weight w(n) is determined by the scheduler of
the diffusion model, X,, represents a perturbed 2D pose
sequence at noise level n, and € is random noise.

Multi-View Consistency Loss. We introduce a multi-view
consistency loss to enforce geometric constraints across dif-
ferent views. Given an input view and five unobserved views
(V = 6 total views), we form M = (5) = 15 pairs by
considering all possible combinations of two different views.
The loss is formulated as

M
1 v w w v
‘cmulti—view = m mz::I (‘Cl(in: ) + ‘Cl(ine% )) 3 (5)

where Ll(ize ") measures how well the joints in view w sat-

isfy the epipolar constraints derived from view v:

T J
LE =575 a(v, w)al, + b(v, w)yl, + c(v, ).

t=1 j=1

(6
Here, (CE}Uw y;”t) denotes the position of joint j at time ¢ in
view w, and (a(v, w), b(v,w), c(v, w)) are the coefficients
of the epipolar line in view w computed from the correspond-
ing point in view v using the fundamental matrix F,, ,,. By
computing this loss between all pairs of views, we encourage
geometric consistency across the entire multi-view setup.

3.3. Synthetic Multi-View 2D Data Generation

The prior stage produces roughly consistent multi-view 2D
pose sequences that enable plausible 3D motion reconstruc-
tion, although they may deviate from the input 2D pose
sequence. In this stage, we create a synthetic dataset of
strictly consistent multi-view 2D pose sequences using these
optimized results. The process consists of three steps. First,
we recover 3D joint positions by minimizing reprojection
errors across all optimized multi-view 2D sequences. Fol-
lowing [14], we then fit SMPL parameters to these 3D joints
using VPoser [35], which provides plausible joint rotations
and root translations. Finally, we reproject each fitted 3D
motion sequence into four camera views (arranged with 90-
degree intervals) to obtain strictly consistent multi-view 2D
pose sequences. The resulting synthetic dataset serves as
training data for our multi-view 2D motion diffusion model
described in the next section.
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Figure 3. Denoising network of the multi-view 2D motion diffusion
model, using View 1 as an example for illustration.

3.4. Multi-View 2D Motion Diffusion Model

Based on the synthetic multi-view 2D motion dataset ob-
tained in the prior stage, we propose a multi-view 2D motion
diffusion model to generate consistent multi-view 2D motion
sequences simultaneously from a single 2D sequence input.

Model Architecture. We extend the conditional diffusion
model from Stage 1 to handle multi-view generation. Given
an input 2D pose sequence X of view 0, our model gen-
erates corresponding sequences for three additional views,
denoted as X*, k = 1,2,3. The denoising network uses a
transformer-based architecture where each transformer block
is augmented with a cross-view attention layer following its
self-attention layer, as illustrated in Figure 3.

4. Experiments

We first introduce the datasets and evaluation metrics used.
Then, we compare our approach against prior work across
various datasets, including human motion, animal motion,
and human-object interaction motion data. Additionally, we
conduct ablation studies to evaluate each stage.

4.1. Datasets and Evaluation Metrics

AIST++ [25] consists of multi-view RGB videos and corre-
sponding 3D dance motions. We use this dataset to evaluate
the accuracy of predicted 3D joint positions. During training,
we randomly select one video from each sequence and ex-
tract 2D poses using ViTPose [57], intentionally excluding
videos from other camera views to maintain a setting where
only single-view videos are available.

Steezy consists of dance videos from an online dance teach-
ing website and was originally collected by prior work to
study dance motion synthesis [21]. We processed the videos
using ViTPose [57] to obtain 2D pose sequences.



AIST++ [25] Steezy NicoleMove CatPlay
Method Troot MPIPE PA-MPIPE Jop JS, FID Jop JS, FID Jop JS, FID Jop JS, FID
MotionBERT [66] 101.6  134.0 108.6 596 323 3.6 675 313 141 788 625 64 N/A NA N/A
WHAM [43] 1643  104.8 75.1 943 241 26 60.8 225 121 694 430 69 NA NA N/A
ElePose [54] N/A 2694 215.1 1049 57.1 48 1327 47.6 133 1574 91.1 133 N/A N/A N/A
SMPLify [2] 774 1716 146.7 288 188 26 228 143 13.1 451 286 7.8 588 420 124
MAS [14] N/A  191.1 155.6 815 38.1 44 1064 61.6 16.1 100.1 564 63 180.6 59.7 22.0
MVLift (ours) 67.6 1107 79.2 140 128 19 117 117 124 262 227 51 570 394 85

Table 1. Results of human pose lifting and animal pose lifting. The baselines MotionBERT [66] and WHAM [43] require training on ground
truth 3D motions, while the other approaches do not rely on 3D data for training.

NicoleMove is our newly collected dataset, which consists
of in-the-wild videos from a YouTube channel. We extracted
2D motion sequences using ViTPose [57]. The dataset pri-
marily contains motions for yoga, pilates, and fitness.
CatPlay is also our newly collected dataset, which contains
videos of cats playing, captured in an indoor environment.
We processed these videos using an advanced approach for
generic 2D keypoint estimation [59].

OMOMO [24] consists of synchronized 3D human motions
and object motions. We evaluate our approach on a subset
of OMOMO that includes interactions with a specific object,
the largebox. As the dataset does not include RGB videos,
for each sequence, we randomly reproject the 3D motion
into a single-view 2D sequence to form a dataset containing
2D human poses and 2D object keypoints.

Evaluation Metrics. We conduct evaluations on datasets
with available 3D motion (AIST++, OMOMO) and datasets
with only 2D motion (Steezy, NicoleMove, CatPlay). For
datasets with 3D motion, we evaluate the predicted 3D mo-
tion by computing the root translation error (‘Tyoo¢), the mean
per-joint position error (MPJPE), and the mean per-joint
position error with Procrustes Alignment (PA-MPJPE), fol-
lowing standard pose estimation protocols [43]. For datasets
with only 2D motion, we assess the reprojected 2D motion
from the predicted 3D. That is, we calculate the 2D joint po-
sition error (J2p) and the 2D joint position error with the 2D
root joint translated to the image center (J$),). Additionally,
we train a 2D motion feature extractor on each dataset and
use it to compute the Fréchet Inception Distance (FID) for
2D motions reprojected in other camera views, excluding
those from the input view. For the object interaction dataset,
OMOMO [24], we include two additional metrics: TS,
which denotes the object translation error, and O-MPJPE,
which represents the error in 3D object keypoints with the
object translated to the origin.

4.2. Human Pose Lifting

Baselines. We compare our approach with two categories
of baselines. The first category includes baselines that re-
quire training their model on 3D ground truth motion data,
which provides them with a significant data advantage. This

category includes MotionBERT [66], which is trained solely
on AMASS, and WHAM [43], which utilizes AMASS [32]
along with various other datasets containing paired videos
and 3D human motions. The second category of baselines
does not rely on 3D motion data for training. SMPLify [2]
conducts optimization using 2D reprojection objectives to
obtain SMPL [30] parameters. ElePose [54], designed for
single 3D pose lifting, proposes learning a 2D-to-3D lifting
network using reprojection loss and a 2D pose prior loss.
MAS [14] leverages a 2D motion diffusion model to perform
unconditional 3D motion generation. We modified MAS to
take an input 2D pose sequence as an optimization objective
for comparison. We train ElePose and MAS for each dataset
using their official codebases.

Results. We evaluate our approach and baselines on the
test sets of AIST++, Steezy and NicoleMove, as shown in
Table 1. We outperform all baselines across several metrics,
including those evaluating root trajectory and reprojected
2D poses of the input and other camera views. In terms
of 3D joint position errors, our results are superior to all
methods that do not require 3D motion data during training,
and we also outperform MotionBERT [66], which requires
training on AMASS [32]. We achieve comparable results to
the baseline WHAM [43] in 3D joint position errors with a
significant improvement in the root translation metric.

We showcase qualitative comparisons for AIST++ in Fig-
ure 4. Note that ElePose and MAS cannot predict root tra-
jectory. ElePose often generates unrealistic 3D poses due to
training instability because its pre-trained 2D pose prior is
insufficient to prevent unrealistic 2D poses. MAS predicts
mean poses that poorly match the input 2D poses because
its unconditional 2D motion diffusion model struggles to
produce consistent multi-view 2D sequences essential for
accurate 3D motion optimization. MotionBERT fails to
produce highly dynamic 3D motions as it is trained on the
AMASS dataset, which limits its performance on motions
outside the dataset distribution. WHAM produces unrealistic
root trajectories, deviating from ground truth, because it is
trained on constrained 3D motion datasets and cannot gener-
alize well beyond this data. SMPLify, optimizing only based
on 2D joint positions, often results in 3D poses with sud-
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Figure 5. Results of human perceptual studies.

den and unrealistic depth changes due to unresolved depth
ambiguity.

Human Perceptual Study. We conducted a human per-
ceptual study to complement the evaluation of generated 3D
motion quality. For each dataset (AIST++, Steezy, Nicole-

Move), we selected 15 generated motion sequences from
each approach and created pairs comparing our approach
with each baseline. The evaluation was conducted using
Amazon Mechanical Turk (AMT). As shown in Figure 5,
participants preferred our results over all baselines. Addi-
tionally, when comparing our AIST++ results with ground
truth motions, 39% of participants preferred our results, and
11% found no noticeable difference between ours and ground
truth, demonstrating the realism of our generated sequences.

4.3. Animal Pose Lifting

Baselines. Since some baselines used in evaluating human
pose lifting are designed specifically for human pose pre-
dictions, we compare our approach with two baselines that
are suitable for animal poses. These include MAS [14] and
modified SMPLIify [2], adapted to use the SMAL model [67].

Results. As shown in Table |, we outperform all baselines.
Qualitative results are showcased in Figure 6. While MAS
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Figure 6. Qualitative result comparisons of CatPlay.
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cannot generate 3D motions with root trajectories and SM-
PLify produces unrealistic depth changes due to its single-
view limitation, our method generates realistic 3D motions
with natural root trajectories.

4.4. Human-Object Interaction Lifting

Baselines. Since no existing work has addressed the task of
predicting 3D human-object interaction motions in a world
coordinate system from 2D object keypoints and 2D human
poses, we adapt SMPLify as a baseline for comparison. This
baseline reconstructs 3D human motion and object motion by
optimizing SMPL parameters and 3D object pose to match
the input 2D keypoint positions of human and object.

Results. We present comparisons in Table 2 and Figure 7.
SMPLity fails to produce plausible human-object interac-
tions due to significant depth ambiguity from single-view
observations. Its predictions lack realistic hand-object con-
tact, and the predicted object motions often contain abrupt
changes along the depth direction. Our approach produces
realistic human-object interactions by leveraging our gener-
ated multi-view 2D pose sequences, which are geometrically
consistent across views, for 3D interaction optimization.

4.5. Ablation Study

We conduct ablations on the AIST++ dataset, which contains
3D ground truth motions for comprehensive evaluation. We
present comparisons in Table 3.

Method Troot MPIPE PA-MPJPE TS . O-MPJPE
SMPLify 979 1420 99.3 751.8  106.7
MVLift (ours) 549  67.0 53.4 1729 769

Table 2. Results of interaction lifting on OMOMO [24].

Method Troot MPJPE  PA-MPIPE  Jap
MVLift-Stage 1 73.1 135.2 104.4 31.0
MVLift-Stage 2 65.3 127.4 96.2 19.7
SDS for 3D 72.9 137.3 103.5 25.2
SDS for 3D, w/o lep; 7523 230.4 186.2 54.9
MVLift (ours) 67.6 110.7 79.2 14.0

Table 3. Ablation study on AIST++ [25].

Evaluation of Each Stage. We compare 3D motions ob-
tained using generated multi-view 2D sequences from differ-
ent stages. MVLift-Stage 1 uses 2D sequences directly gen-
erated from the line-conditioned 2D motion diffusion model
using epipolar line conditions. MVLift-Stage 2 uses multi-
view 2D sequences optimized with SDS and multi-view
consistency loss. As shown in Table 3, our final approach
(MVLift) using the learned multi-view 2D motion diffusion
model achieves more accurate 3D motion estimation than
MVLift-Stage 1 and MVLift-Stage 2.

Evaluation of Stage 2 Ablations. In Stage 2, we optimize
multi-view 2D pose sequences using SDS and consistency
loss. One alternative approach is directly optimizing 3D
motion for multi-view consistency while using SDS on the
reprojected multi-view 2D sequences to maintain motion
realism (SDS for 3D). However, this approach causes the re-
projected 2D poses in the input camera view to deviate from
the input 2D sequence, resulting in inaccurate 3D motions.
Additionally, we experimented with using SDS loss based
on an unconditional 2D motion diffusion model (SDS for
3D, without lp;). This variant failed to generate plausible
3D motions and resulted in large joint position errors.

5. Conclusion

We addressed the challenging problem of estimating 3D
motion in the world coordinate system from a 2D motion
sequence input, without requiring 3D supervision. The key
idea is to combine 2D motion diffusion priors and geometric
constraints in a novel multi-stage framework to progres-
sively establish consistency for 2D pose sequences across
views. We first trained a line-conditioned 2D motion diffu-
sion model to optimize roughly consistent multi-view 2D
sequences, which were then used to create a synthetic dataset
with strictly consistent multi-view sequences through 3D op-
timization and reprojection. Using this dataset, we trained
a final diffusion model for efficient multi-view generation.
We demonstrated our approach’s effectiveness in diverse do-
mains, including human poses, human-object interactions,
and animal poses.
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