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Abstract

Reconstructing 3D human motion and human-object inter-001
actions (HOI) from Internet videos is a fundamental step002
toward building large-scale datasets of human behavior. Ex-003
isting methods struggle to recover globally consistent 3D mo-004
tion under dynamic cameras, especially for motion types un-005
derrepresented in current motion-capture datasets, and face006
additional difficulty recovering coherent human-object inter-007
actions in 3D. We introduce a two-stage framework lever-008
aging 2D diffusion that reconstructs 3D human motion and009
HOI from Internet videos. In the first stage, we synthesize010
multi-view 2D motion data for each domain, leveraging 2D011
keypoints extracted from Internet videos to incorporate hu-012
man motions that rarely appear in existing MoCap datasets.013
In the second stage, a camera-conditioned multi-view 2D014
motion diffusion model is trained on the domain-specific015
synthetic data to recover 3D human motion and 3D HOI in016
the world space. We demonstrate the effectiveness of our017
method on Internet videos featuring challenging motions018
such as gymnastics, as well as in-the-wild HOI videos, and019
show that it outperforms prior work in producing realistic020
human motion and human-object interaction.021

1. Introduction022

Large-scale 3D human motion and human-object interaction023
(HOI) data are essential for a wide range of applications in024
computer vision, computer graphics, and robotics. While025
high-quality motion capture (MoCap) datasets have been026
widely used for these purposes, they remain limited in scale027
and diversity. Estimating 3D human motion directly from028
videos offers a scalable alternative. However, existing meth-029
ods struggle to reconstruct global motion in the world coordi-030
nate frame under dynamic cameras, as well as human-object031
interactions involving dynamic object movement.032

In this work, we adopt the formulation of learning 2D033
motion priors for 3D reconstruction [6] and present a unified034
two-stage framework that reconstructs both 3D human mo-035
tion and 3D human-object interactions (HOI) from dynamic-036
camera videos. In Stage 1, we synthesize multi-view 2D037
motions that serve as training data for the subsequent stage.038
In Stage 2, we train a camera-conditioned multi-view 2D039

diffusion model on the synthesized data to reconstruct 3D 040
motion directly from single-view 2D keypoints. For hu- 041
man motions that are underrepresented in existing MoCap 042
datasets, we leverage Internet videos to generate synthetic 043
multi-view data by learning single-view 2D motion priors 044
and introducing a hybrid data-source training strategy that 045
mitigates limited viewpoint coverage. For HOI, we focus on 046
the reconstruction of everyday interactions and synthesize 047
category-specific multi-view 2D trajectories by reprojecting 048
existing HOI MoCap sequences under diverse camera tra- 049
jectories. Given the resulting synthetic data, our Stage-2 050
diffusion model predicts consistent multi-view 2D motions 051
from a single-view input. 052

To summarize, our work makes the following contribu- 053
tions. First, we propose a camera-trajectory-conditioned 2D 054
motion diffusion model that enables the use of dynamic- 055
camera videos for training and motion reconstruction from 056
unconstrained monocular inputs. Second, we introduce a hy- 057
brid data-source training strategy with a decomposed motion 058
representation to address the challenge of limited camera- 059
view coverage during training. Third, we present a unified 060
framework for reconstructing world-grounded human mo- 061
tion and human-object interactions from in-the-wild videos. 062

2. AnyLift 063

Formulation. Our goal is to estimate world-coordinated 064
3D human and human-object interaction (HOI) motion se- 065
quences τ = (H,O) from single-view 2D keypoint se- 066
quences X ∈ RT×K×2 captured under dynamic cameras. 067
Here, H denotes the human motion, and O denotes the ob- 068
ject motion, which is included only for HOI reconstruction. 069
T and K represent the number of frames and keypoints, 070
respectively. We adopt the SMPL model [9] to parame- 071
terize the human pose, where each frame t is represented 072
by Ht = (rt,ϕt,Θt), consisting of the root translation rt, 073
global orientation ϕt, and body pose parameters Θt. 074

Overview. We propose AnyLift, a unified framework that 075
reconstructs both 3D human motion and human-object inter- 076
actions (HOI) from monocular videos captured by dynamic 077
cameras. An overview of AnyLift is shown in Fig. 1. AnyLift 078
follows a two-stage pipeline: (1) multi-view 2D synthetic 079
data generation, where we prepare training data with diverse 080
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Figure 1. Overview of AnyLift. (a) We first train a single-view 2D motion diffusion model conditioned on camera trajectories and epipolar
lines to synthesize multi-view 2D training data. (b) During training, we employ a hybrid data source strategy that enhances viewpoint
coverage by combining global 2D pose sequences from videos with locally reprojected poses. (c) Finally, we train a multi-view 2D motion
diffusion model to reconstruct consistent world-coordinated 3D human and HOI motions from real-world videos.

camera trajectories (Sec. 2.1); and (2) multi-view 2D motion081
diffusion, where we learn to generate consistent multi-view082
2D motion from single-view 2D inputs using the synthesized083
data, and subsequently reconstruct world-coordinated 3D084
motion (Sec. 2.2). For human motion such as gymnastics085
and martial arts that are rarely represented in existing motion-086
capture datasets, we leverage Internet videos to extract 2D087
keypoints and camera trajectories, and train a conditional088
single-view 2D diffusion model to synthesize multi-view089
training data. For human-object interactions (HOI), we090
follow the same two-stage pipeline but generate synthetic091
multi-view data by reprojecting existing 3D HOI motion-092
capture sequences [1, 4, 5, 19, 20].093

2.1. Multi-View 2D Synthetic Data Generation094

Conditional Single-View 2D Motion Diffusion. We begin095
by training a conditional single-view 2D motion diffusion096
model for each motion category. The conditioning terms097
include camera trajectories and epipolar lines. Camera tra-098
jectories provide awareness of global viewpoint motion over099
time, allowing the model to learn the 2D root translation un-100
der dynamic cameras. We represent the camera trajectories101
as a sequence of extrinsic parameters C = {Ct}Tt=1, where102
each Ct ∈ R4×3 is normalized by removing the camera103
transformation of the initial frame. Epipolar lines encode104
pairwise geometric constraints between views, encourag-105
ing the model to learn cross-view consistency. Each epipo-106
lar line l = (a, b, c)T is defined by the 2D line equation107
ax + by + c = 0. For every frame, we assign an epipo-108
lar line to each keypoint, passing through the keypoint and109
its corresponding epipole, resulting in a condition matrix110
Lt ∈ RK×3. During training, we simulate several fixed111

epipoles based on sampled camera extrinsics, while at infer- 112
ence time the epipole is determined by the relative camera 113
transformation between paired views. 114

Following the DDPM framework [3], we adopt a forward 115
diffusion process that progressively adds noise to clean 2D 116
motions over N steps: 117

q(Xn|Xn−1) = N (Xn;
√
1− βnXn−1, βnI), (1) 118

where n ≤ N denotes the diffusion step, and βn is the 119
variance schedule controlling noise magnitude. The reverse 120
denoising process is learned by a network Xθ, which learns 121
to iteratively denoise samples across N steps starting from 122
XN ∼ N (0, I) conditioned on the camera trajectories C and 123
epipolar lines L. We reparameterize the prediction objective 124
to directly estimate the clean sample X0. The network is 125
optimized with an L1 reconstruction loss: 126

L = EX0,n

∥∥X0 −Xθ(Xn, n,C,L)
∥∥
1
. (2) 127

In line with prior works [15], we adopt a Transformer-based 128
backbone [16] for the denoising network Xθ. The condition- 129
ing inputs C and L are concatenated with the noisy keypoint 130
sequence Xn along the feature dimension and embedded 131
through an MLP encoder before feeding into the backbone. 132

Following Li et al. [6], we add line matching loss to 133
encourage the 2D keypoints to align with their corresponding 134
epipolar lines by minimizing the 2D point-line distance: 135

Lline =

T∑
t=1

〈
Lt, (X̂t,1)

〉
, (3) 136

where X̂t denotes the 2D keypoints at frame t after the 137
denoising process. 138
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Hybrid Data Source Training. Unlike standard datasets139
such as AIST++ [7], which provide multi-view videos with140
uniformly distributed cameras, Internet videos of specific141
motion categories are usually captured from a few forward-142
facing angles, resulting in limited viewpoint coverage. To143
mitigate this limitation, we introduce a hybrid training strat-144
egy that combines two complementary sources of 2D motion145
data: (1) global 2D keypoints extracted from Internet videos,146
and (2) local 2D projections Xproj obtained by reprojecting147
reconstructed 3D motions from off-the-shelf estimators [13].148

However, including Xproj in training biases the model149
toward learning motion patterns with limited global trans-150
lation. To address this, we decompose each 2D motion X151
into root translation Xr ∈ RT×2×2—represented by the two152
hip joints—and local pose Xl ∈ RT×(K−2)×2. The global153
2D motion Xg is then recovered by adding the average root154
translation (computed across the two hip joints) back to the155
local pose. With this representation, the diffusion loss is156
computed as in Eq. (2), while the line-matching loss is ap-157
plied to the global 2D motion Xg defined in Eq. (3). During158
training, Xproj is generated by projecting reconstructed 3D159
motions through randomly sampled camera viewpoints from160
the training set, augmented with a small set of predefined161
camera trajectories to increase viewpoint diversity. We com-162
pute the diffusion loss only for the local pose:163

Lproj = EX0,n

∥∥M⊙X0−M⊙Xθ(X
proj
n , n,C,L)

∥∥
1
, (4)164

where M is mask that excludes the two hip joints from loss165
computation. The line matching loss is not applied to Xproj.166

Multi-View 2D Motion Data Synthesis. Leveraging the167
learned 2D motion prior, we employ score distillation sam-168
pling [12] with multi-view consistency loss to prepare multi-169
view training data. Given a single-view sequence, we opti-170
mize V − 1 additional 2D keypoint sequences from view-171
points evenly distributed along a circular ring around the172
input camera, resulting in a set of sequences {Xv}Vv=1. The173
gradient of the SDS loss, which encourages each Xv to174
conform to the learned diffusion prior, is computed as:175

∇XvLSDS = En,ϵ

[
w(n)

(
ϵθ(Xv,n, n,C,L)− ϵ

)]
, (5)176

where the weight w(n) is determined by the noise level n.177
For two different views u and v, we compute the epipo-178

lar lines Lu→v in view v using the 2D keypoint sequence179
Xu and the relative camera transformation between the two180
views. We then apply line matching loss to enforce the 2D181
keypoints Xv satisfy the corresponding constraints:182

Lu→v
line =

T∑
t=1

〈
Lu→v
t , (Xg

v,t,1)
〉
, (6)183

where Xg
v,t represents the recovered global motion from the184

decomposed representation.185

After obtaining roughly consistent multi-view 2D pose se- 186
quences via SDS optimization, we recover 3D joint positions 187
by minimizing multi-view reprojection errors. The recovered 188
3D joints are then used to fit SMPL parameters [9] using 189
VPoser [11], producing full-body 3D motion sequences. Fi- 190
nally, we reproject the fitted 3D motions into four evenly dis- 191
tributed cameras to generate geometrically consistent multi- 192
view 2D training data. 193

2.2. Multi-View 2D Motion Diffusion 194

We train a multi-view 2D motion diffusion model using 195
the data synthesized in Sec. 2.1 to generate multi-view 2D 196
motion sequences from a single-view input. 197

Data and Condition Representation. We train the multi- 198
view diffusion model on global 2D sequences. Camera tra- 199
jectories are represented in the same way as in Sec. 2.1. 200

Model Architecture. We extend the single-view 2D mo- 201
tion diffusion model introduced in Sec. 2.1. The camera 202
condition is embedded in the same way. The transformer 203
backbone is further augmented with cross-view attention lay- 204
ers to enhance multi-view awareness following MVLift [6]. 205

HOI Motion Reconstruction For human-object interac- 206
tions, we train the multi-view diffusion model on specific 207
object categories (e.g., boxes and tables). The objects are 208
represented by a set of manually designed 2D keypoints 209
O ∈ RT×M×2, where M denotes the number of keypoints. 210
The corresponding 3D positions of these keypoints on the 211
canonical object mesh are denoted as P = {pi}Mi=1. The 212
object 2D keypoints O are concatenated with the human 213
keypoints X to form a unified representation. During train- 214
ing, we randomly mask out a subset of O to handle partial 215
occlusions and potential tracking failures. 216

Inference on Real-World Videos. During inference, we 217
extract 2D human keypoint sequences using ViTPose [18] 218
and estimate camera motion with MegaSaM [8]. The ob- 219
ject keypoints are tracked using DELTA [10]. The SMPL 220
parameters H = (r,ϕ,Θ) are obtained through the final op- 221
timization process described in Sec. 2.1. For objects, we also 222
start with obtaining the 3D object keypoints Q ∈ RT×M×3 223
by minimizing the multi-view reprojection error. Using 224
the reconstructed Q and the predefined canonical keypoints 225
P on the object mesh, we then estimate the object pose 226
Ot = {rt, tt, s}, where rt ∈ R6 is the 6D rotation [21], 227
tt ∈ R3 is the translation, and s ∈ R+ is the scale factor. 228

3. Experiments 229

3.1. Human Motion Reconstruction 230

We compare our method with two categories of baselines: 231
methods that do not rely on 3D motion data during training 232
(SMPLify [2] and MVLift [6]), and methods trained with 233
3D motion ground truth (WHAM [14] and GVHMR [13]). 234
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Figure 2. Qualitative comparison of human motion reconstruction on our collected Internet videos. AnyLift produces more plausible
motions, mitigating the root trajectory errors, inaccurate local body pose, and self-penetration artifacts observed in baselines.

Input Video and 2D Pose AnyLift (Ours)SMPLify VisTracker

Figure 3. Qualitative comparison of HOI reconstruction on the BEHAVE [1] dataset. We show results on two object categories, chair
and table. AnyLift produces coherent and physically plausible human-object interactions with accurate contact and minimal penetration.

We show qualitative comparisons in Fig. 2. SMPLify235
produces 3D poses with abrupt and unrealistic changes due236
to depth ambiguity arising from optimization based solely on237
2D joint positions. Although WHAM and GVHMR predict238
plausible local poses, they often yield implausible root tra-239
jectories, leading to noticeable penetration with the ground240
plane, as shown in the two examples. MVLift yields severely241
distorted leg poses in the example. In contrast, AnyLift re-242
constructs stable and plausible human motions with accurate243
global trajectories and consistent body poses across frames.244

3.2. HOI Motion Reconstruction245

We compare against two representative baselines. SM-246
PLify [2] reconstructs 3D human and object motions by247
optimizing SMPL parameters and object poses to match248
2D keypoints without any training. VisTracker [17] jointly249
tracks 3D humans, objects, and contacts from monocular250
videos using a visibility-aware object pose network.251

Qualitative comparisons on the BEHAVE dataset are pre-252
sented in Fig. 3. We show two object categories: chair and253
table. SMPLify fails to produce reasonable human-object254

interaction motions due to depth ambiguity from relying 255
solely on 2D joints and incorrectly models the relative trans- 256
formation between the human and the object. VisTracker 257
also struggles to generate plausible interactions; in the chair 258
example, even with minimal or no occlusion, it fails to cap- 259
ture correct hand-chair contact, while in the table example, it 260
exhibits severe object penetration. In contrast, our approach 261
produces plausible human-object interactions with accurate 262
contact and minimal penetration under both categories. 263

4. Conclusion 264

We presented AnyLift, a unified framework for reconstruct- 265
ing world-grounded human motion and human-object in- 266
teractions (HOI) from Internet and in-the-wild videos with 267
dynamic cameras. We addressed the problem using a two- 268
stage framework that first synthesizes multi-view 2D motion 269
data and then trains a camera-conditioned multi-view dif- 270
fusion model on the generated data to reconstruct globally 271
consistent 3D motion and interactions in the world coordi- 272
nate frame. We demonstrated the effectiveness of AnyLift 273
on collected Internet videos and captured HOI videos. 274
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