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Figure 1: We demonstrate VideoMDM on monocular videos of human activities. Our framework
trains 3D text-to-motion diffusion models using 2D pose sequences extracted from videos. Left:
representative training videos. Right: generated motions using the trained model from text prompts.
Despite relying solely on 2D supervision, VideoMDM attains motion fidelity approaching that of
fully 3D-supervised training.

Abstract

We introduce VideoMDM, a diffusion-based framework that trains 3D human
motion priors directly from accurate 2D poses extracted from monocular videos,
without any 3D ground truth. A pretrained 2D-to-3D lifter provides approximate
3D pose sequences that serve as a noisy teacher: these are diffused, denoised
by the model in 3D, and supervised in 2D by reprojecting the prediction and
comparing against accurate keypoints. We show that, under mild assumptions,
a depth-weighted 2D reprojection loss is equivalent in expectation to direct 3D
supervision, and we adapt standard 3D motion regularizers — velocity consistency
and over-parameterized representation alignment — to this 2D setting. Unlike
methods that lift 2D to 3D only at inference, VideoMDM learns a coherent 3D
motion manifold during training. On HumanML3D it nearly closes the gap to
fully 3D-supervised MDM (FID 0.88 vs 0.54); On real video datasets Fit3D and
NBA the method learns to generate motions consistently preferred by humans, with
strong quantitative results.

Preprint.



1 Introduction

Generating realistic 3D human motion is central to animation, gaming, simulation, and embodied
Al Diffusion-based motion models such as MDM [46]] have recently achieved striking realism when
trained on motion-capture (MoCap) data. Yet, their success remains tightly coupled to the availability
of high-quality 3D supervision: MoCap datasets are captured in controlled studio environments and
span only a narrow subset of real-world movement. Models trained on them inherit limited diversity
and fail to capture the richness of human motion observed in the wild.

At the same time, vast amounts of online video depict human actions across diverse environments,
identities, and viewpoints. Harnessing such in-the-wild data could enable scalable and diverse 3D
motion generation. However, most videos are monocular, lacking the multi-view cues necessary for
reliable 3D reconstruction. While monocular 3D pose and motion estimators [57, 41} 48], 25] remain
noisy and ambiguous, 2D keypoint detectors [15} 8} [18] have reached high accuracy and robustness.
The key challenge, therefore, is how to train a generative 3D motion model using only accurate 2D
supervision derived from monocular video.

We address this challenge by introducing VideoMDM, a diffusion-based framework for training 3D
human motion models entirely from 2D pose supervision. Unlike prior approaches that triangulate 2D
motions to 3D only at inference time [[19} 25]], which prevents the model from learning a consistent
3D prior, or that depend on 3D supervision for fine-tuning [[15], VideoMDM trains a diffusion model
natively in 3D space using only 2D supervision. Our formulation opens, for the first time, a path
towards large-scale training of 3D text-to-motion diffusion from monocular videos without any
MoCap data.

Building on cross-modality training of Image-to-3D diffusion [34]], we adopt a noisy-teacher scheme:
a pretrained 2D-to-3D lifter produces approximate 3D pose sequences from 2D inputs; these are
diffused, denoised by the model in 3D, and supervised in 2D by reprojecting the prediction and
comparing against accurate keypoints from video. This design lets the model learn a coherent 3D
motion manifold grounded entirely in 2D observations.

To make 2D-only diffusion training practical for 3D motion, we introduce a depth-aware reprojection
loss that, under mild assumptions on data and camera distribution, is provably equivalent in expecta-
tion to standard 3D MSE supervision (Section[3.4] proof in Section[A). We further adapt two standard
3D motion regularizers to the 2D setting: a depth-weighted 2D velocity loss for temporal coherence,
and a motion representation alignment loss that supervises the over-parameterized motion channels
— joint rotations, joint velocities, and foot contacts — via ray-projection pseudo-targets, since no 3D
ground truth is available for them (Section [3.5).

We evaluate VideoMDM in three regimes. (i) On a 2D-only version of HumanML3D [13]], where 2D
poses are obtained by projecting MoCap, VideoMDM achieves FID 0.88 — nearly closing the gap to
fully 3D-supervised MDM (FID 0.54) and improving on the strongest 2D-supervised baseline by
roughly x2. (ii) On Fit3D [9] — a real-world setting, where training uses monocular fitness video
with extracted 2D keypoints and no 3D supervision — VideoMDM halves joint error against WHAM
[41] on motions far outside the lifter’s distribution (MPJPE 111 vs 228 mm) and produces 5.5x
smoother motion (Accel 3.16 vs 17.66 m/s?). And is preferred by humans in generation against all
baselines. (iii) On the NBA dataset [[19], VideoMDM is preferred over MAS in 64% of pairwise
human comparisons. Together, these results show that 2D supervision alone is sufficient to learn 3D
motion priors that are coherent, perceptually realistic, and capable of generalizing beyond the lifter
that bootstrapped them.

Our main contributions are:
1. The first 2D-supervised diffusion training framework for 3D human meotion priors,

enabling high-fidelity prior learning directly from monocular videos without any 3D super-
vision.

2. A stabilization strategy for condition-free denoising, leveraging depth-aware weighting
and reprojection consistency to keep the 3D denoising dynamics geometrically anchored.

3. A 2D-adapted formulation of strong 3D motion regularizers, enforcing natural motion
through velocity-based and representation-level constraints.



2 Related Work

Human Motion Generation in 3D. Generating human motions in 3D is largely driven by deep neural
networks. VAEs [2, [13] were early approaches, while diffusion models [54! 16} 20] such as MDM
[46] substantially improved fidelity. VQ-VAEs [47] paired with autoregressive [58]] and bidirectional
autoregressive [[14} 35} |17] models have established a new state-of-the-art quality. These approaches
typically rely on high-quality 3D motion from MoCap systems, e.g., HumanML3D [13]] built from
AMASS [31]] and A2M [12], which contains approximately 14 thousand motion sequences.

3D Asset Generation with 2D Priors. Generating 3D content from 2D data has been widely explored.
Methods leverage strong 2D diffusion priors via score distillation [36}, 133} 51} 52]] or fine-tune 2D
models for novel-view consistency [28} 40, 26| 27,110, 43]] on smaller, curated 3D asset datasets [7].
Other works train generative models directly in 3D [[1} 29} 138} 132, [53]]. “A Lesson in Splat” [|34]]
formalizes diffusion training for 3D Gaussian Splatting [21] under 2D supervision. A common theme
is the reliance on 2D image priors for 3D generation.

2D Pose Extraction from Video. 2D human pose estimation has become highly reliable. OpenPose
[S] introduced Part Affinity Fields, AlphaPose [8] improved robustness under occlusion, HRNet [49]
preserved high-resolution features, and RTMPose [[18] achieves strong real-time accuracy.
Video-to-3D Pose Extraction. Recovering 3D motion from monocular video remains challenging
due to depth ambiguity and camera-to-world conversion. WHAM [41] uses a feed-forward model
with image features and 2D poses to infer world coordinates, while COIN [23]] applies 3D motion
diffusion inpainting for iterative refinement. Other approaches [50, 56] exploit SLAM cues [42,|30]]
to ground their predictions. Complementary lines of work focus on lifting from 2D keypoints:
MotionBERT [57] provides a supervised temporal lifting baseline trained on 3D data. Training only
on 2D data, ElePose [48] learns a normalizing-flow prior on 2D poses and uses it to steer a lifting
model toward better 3D reconstructions. MVLift [25] employs epipolar-constrained 2D diffusion to
create pseudo-3D motions to supervise the training of a final multiview 2D model. Recent works
[55124] combine generation and pose estimation by jointly training multiple 3D motion-related tasks.
However, all of these methods still exhibit a non-negligible error gap with respect to ground-truth
motions, even within their training datasets.

3D Human Motion Generation from 2D Data. Generating plausible 3D motion supervised directly
from 2D sequences remains comparatively underexplored. Existing approaches perform inference-
time lifting from 2D priors to 3D: MAS [19] performs multi-view ancestral sampling from several 2D
motion diffusion models and omits root trajectory. Motion-2-to-3 [15] trains a 2D diffusion model
and then adds consistency layers learned from 3D motion data, relying on 3D supervision to recover
root trajectory. These works point to the promise of scaling 2D-centric training while improving
world-frame trajectory modeling. In contrast, we train a 3D-native model that learns motions with
any root trajectory solely from 2D supervision, without any 3D ground truth.

3 Method

3.1 Preliminaries: Cross-Modality Diffusion for 3D Generation from 2D Supervision

Diffusion models are typically trained under a same-modality assumption: both the diffused input
and its supervision target belong to the same domain. In 3D generative modeling, this requires large
datasets of ground-truth 3D samples, thus significantly limiting scalability. Lesson in Splats (LIS) [34]
showed that this constraint can be relaxed: by combining approximate 3D estimates with clean 2D
supervision, one can train a 3D denoiser without access to any real 3D data.

Specifically, LIS introduces a weak lifter implemented as a deterministic 2D-to-3D predictor, which
serves as a noisy teacher reconstructing approximate 3D Gaussian-splat scenes from single images.
For high-noise diffusion timesteps (¢ > t*), these inaccurate outputs are perturbed with sufficient
noise to produce samples statistically aligned with those drawn from the (unknown) clean 3D
distribution. The model is trained to denoise these samples while supervision is applied in 2D via
differentiable rendering. At low-noise regimes, LIS employs a multi-step denoising scheme: for
timesteps ¢ < t*, the input is first further diffused to a higher level ¢’ > ¢* and then denoised through a
short sequence of DDIM [44] steps down to ¢, where 2D supervision is applied. This strategy ensures
the model experiences training samples at low-noise which are critical for generating high-frequency
geometric details.



3.2 Problem Setup and Formulation

We are given a collection of monocular human-motion videos, each captured by a static camera. For
each video, we extract 2D joint trajectories y € R/*2*¥ where .J denotes the number of joints and
F the number of frames. Empirically, 2D keypoint extraction is highly accurate and robust [19]]. To
obtain an approximate 3D signal, we assume access to a pretrained 2D-to-3D lifter Ly that produces
approximate 3D joint trajectories To = Lg(y) € R7*3*F serving as a noisy teacher (Section .
Such 2D-to-3D lifting networks are well established in the human-motion literature [57) 48, 41]].
When no camera parameters are available they can be estimated by solving PnP on y and Z, see
Section[ll

Our objective is to train a 3D generative diffusion model Dy(z4, t, c) that can sample realistic 3D
motion trajectories, optionally conditioned on a text embedding c, while using only 2D supervision.
We denote by I1.(-) = K[R|t.](-) the camera projection operator, with intrinsics K, rotation R, and
translation t., which maps 3D joint coordinates to 2D. We denote by = 3D motion and by y 2D
motions, by & the model predictions, by z; motions diffused to time ¢ and 2(/) the motion at frame

1.

3.3 Method Overview

The overall framework is illustrated in Fig.[2] As in standard diffusion training we diffuse the lifter’s
3D predictions x; = \/a;Zo + /1 — o€, where € ~N(0,T), and train the network to recover the
clean 3D motion Z( [46,137]. Crucially, while the denoiser operates in 3D, supervision is applied
in the 2D domain through the projection operator I1.(-). With appropriate depth-aware weighting,
this 2D objective provides a principled surrogate for 3D supervision as introduced in Section[3.4]and
proved in Section[A] To make 2D supervision effective for 3D motion diffusion, several geometric
and temporal adaptations are required.
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Figure 2: VideoMDM training. From monocular video, we extract accurate 2D keypoints and
approximate 3D poses. A motion diffusion model is trained to denoise the 3D poses, after diffusing
them to a high timestep, under multi-source supervision: (i) 3D representation alignment, and (ii) 2D
reprojection and velocity consistency with the accurate 2D pose.

3.4 Depth-Aware Weighting

A naive 2D reprojection loss is not equivalent to 3D MSE: because perspective projection divides
by camera depth d, the 2D error is implicitly 1/d-weighted relative to the underlying 3D error,
downweighting distant joints and overweighting near ones. Multiplying the loss by d removes this
scaling, produces a loss equivalent in expectation to direct 3D MSE supervision (see Section [A)). This
equivalence holds under two mild assumptions on the data distribution: that the predicted joint depth
d matches the true motion depth in the corresponding camera frame, and that training cameras are
sampled with uniformly distributed azimuth.

Let d € R7*'XF denote the predicted depth in the camera coordinate system .



We define:

ﬁpos = Hd® 1{d>dmin} © (HC(:%O) - y) H;’ M

where @ denotes element-wise multiplication across joints and frames. The truncation 1{d > din }
drops joints whose predicted depth falls below d,yiy,, primarily preventing unreliable gradients when
joints are predicted behind or very close to the camera, where the projection equations and the
equivalence above no longer hold.

3.5 Natural Motion Regularization

2D Velocity Loss. Generative motion networks are commonly regularized using additional geometric
losses [46}139]. We adapt the 3D velocity loss to our 2D setup to enforce temporal similarity between
the generated motions and the supervision.

Ly = [P o (@5 - o) = @ — g2, o)
f

where ® denotes joint-wise multiplication, w/) = d/) ® 114H>a,,) (following Section , and
go = Ic(2o).

Motion Representation Alignment. Motion generation models commonly adopt the motion repre-
sentation of [[13]], which includes root velocity, joint positions, joint rotations, joint velocities, and
binary foot-contact labels. This over-parameterized representation often leads to motions that better
match human perceptual judgments. Among these, the rotation, joint-velocity, and foot-contact
channels are redundant in the sense that they can be derived directly from the joint positions. We
denote these redundant components collectively by r and the process of deriving them T'(z). As
MDM operates on the noised concatenation of x and r, we partition its (A ; + B j)-channel output
into two components: the first A ; channels represent the predicted root and joint positions g (used
previously), while the remaining B ; channels constitute the redundant representations 7y (discussed
solely here). Further details in Section [J]

Since no 3D ground-truth supervision is available for r, we derive 2D-consistent pseudo-targets by
applying the ray-projection operator (illustrated in Figure [3a] and formally derived in Section
to the predicted 3D motion, producing 2D aligned 3D motion, and converting the result to the
over-parameterized representation:

r' = stop_gradient (I'(Pr(20,y))), 3)

where I' calculates the redundant channels from a 3D motion sequence. We then supervise the
. . . . . _ A _ / 2 . .
corresponding denoised outputs, as shown in F1gure using Lrepr = ||Fo — r’||5. This provides an
indirect 2D-based supervisory signal for the redundant motion channels, helping the model remain
consistent with both its own predictions and the available 2D data throughout generation.

3.6 Training Objective and Scheme

The overall loss combines our proposed terms:

Etotal = /\posﬁpos + )\velﬁvel + >\repr£repr (4)

Training begins with a warm up phase of pretraining on approximate 3D motions predicted by the
lifter L, similar to standard MDM training, to initialize the motion prior. We then adopt the LIS-style
schedule with threshold t*. For ¢ > t*, we apply the full loss Ly,. For ¢ < t*, we further apply
multi-step denoising. This staged procedure stabilizes learning and allows the model to progress from
lifter-based supervision to fully 2D-derived constraints.



4 Experiments

We evaluate VideoMDM in three complemen- Pn(%o,) £ 1 %o

tary settings. Section @] uses a 2D-only ver- Moolere 2D Aligned
sion of HumanML3D, isolating the supervi- 30 pose D
sion regime from pose-estimation errors. Sec- o y oy
tion 4.2l trains on real monocular video from % 7
Fit3D, demonstrating that the learned prior ex-

tends to fitness motions far outside the lifter’s 1
distribution. Section compares against

MAS on the centered NBA dataset on which

MAS was designed to operate, providing a  (a) Motion Representation Alignment. An illustration

head-to-head comparison under conditions fa- ~ of camera ray projection and its utilization for Lyep.
vorable to the baseline. Each joint is projected to the closest point along the ray

through its 2D location and the camera center.

Lrepr

Implementation Details. For Sections[4.1)and[4.3] we first warm up by pretraining on the lifter’s
approximate 3D motions for 400K batches of 64 samples to initialize the motion prior, using the lifted
samples of the respective dataset, then train with our full objective for an additional 200K batches.
For Section 4.2] since the dataset is small, we initialize from the model trained on synthetic data
(Section d fine-tune for 20K batches. We select Ay, t*, and the number of denoising steps
below ¢* by Bayesian search over the validation FID on Section[d.T|using MVLIft [25]] as the lifter;
the resulting values (Section [F)) are reused unchanged across all models for the synthetic and Fit3D
experiments. Validation FID stayed within 0.7-2 across most searched configurations, indicating
low sensitivity to these choices. For the NBA experiment, we perform the same search using a
random strategy over the training set FID (as no validation split is available). FID spans 7-11 across
all configurations tested.

4.1 Text-to-3D Motion from 2D Poses

HumanML3D [13]] consists of 14,616 motion sequences sourced from AMASS [31]] and Human-
Actl2 [12]], paired with 44,970 textual descriptions, standardized to 20 FPS and capped at 10 seconds.
We construct a 2D-only version of HumanML3D by sampling random cameras, rendering the 2D
motions and lifting them by either MotionBERT [57] or MVLift [25]]. For evaluation in 3D we follow
T2M [13]], using MDM [46]] inference and evaluation code. Further details in Section[C]
Compared Methods. We compare three classes of methods, distinguished by the supervision
they require. 3D-supervised upper bound: MDM [46] trained on the original 3D motions. 2D-
supervised baselines: MAS [19]], trained as a text-conditioned, non-centered variant; and MDM
trained on lifter outputs (MotionBERT or MVLift) treated as 3D ground truth — these baselines
use no camera information. Our method: three variants that supervise in 2D via reprojection and
therefore require camera parameters. Ours/MotionBERT and Ours/MVLift use ground-truth cameras
with their corresponding lifters as teachers. Ours/MVLift (PnP) estimates the camera via PnP from the
MVLift teacher (see Section I, matching the information available to the 2D-supervised baselines.
Results. As shown in Table |1} under matched supervision Ours/MVLift(PnP) reduces FID by
0.21 against MDM/MVLift, demonstrating the value of 2D-reprojection training over training MDM
directly on lifted 3D. With GT cameras the advantage grows: Ours/MVLift reaches FID 0.88, nearly
closing the gap to the 3D-supervised upper bound (0.54), empirically supporting the loss-equivalence
claim of Section highlighting that the remaining gap is attributed to the camera estimation error.
With improved camera estimation methods, our method directly benefits.

Figure ] confirms the quantitative picture: MDM/MotionBERT inherits lifter artifacts and exhibits
sliding, MDM/MVLift is better but still lacks coherence, while VideoMDM produces clean trajectories
that accurately follow the prompt. Additional results are available in the supplementary material.

4.2 Real-Video Training: Beyond the Lifter Distribution

Our central claim is that 2D supervision from monocular video unlocks 3D motion distributions
inaccessible to MoCap-bound training. We test this on Fit3D [9]: real videos using 2D-pose extraction,
and motions far outside the distribution captured by the lifters. Fit3D contains 611 training sequences
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Figure 4: Qualitative comparison on HumanML3D for the prompt “the person walks backwards in a
straight line”. Frames progress from blue to red. The MDM-trained-on-lifter baselines inherit teacher
artifacts (foot sliding, drifting, unrealistic poses), while VideoMDM generates a clean trajectory
consistent with the prompt.

Method FID| Diversity— R Precision Multimodal Multimodality{
(top 3)1 Dist|

Ground-truth 0016+000 9 459%:052 (9 796+002 9 g75+.009 —

MDM (3D data) 0.544+044 9 559+086 () 11+:007 5 566+-027 2.799%-072
MAS 22.056%+009  6.236+051  ().383+000 G 416+000 —
MDM/MotionBERT  5.660F156  8.198+048 (666006  4,112%-016 2.453%-110
MDM/MVLift 1.671%F094  g793+.048 = () 719+ 005 3 514+.018 2.375+-105
Ours/MVLift (PnP)  1.462+097  9.130+052  (.714*+:007 3 527+.031 2.692+-087
Ours/MotionBERT 1.454%+090 g 533+.060 © () Gg1+007 3 G77E.030 2.457%-050
Ours/MVLift 0.876+090 9630068 (. 721%:005 3 450+028 2.449%-110

Table 1: Text-to-motion models trained in 2D, evaluated on the HumanML3D test split. Red,
orange, and yellow indicate 1st, 2nd, and 3rd place per column among 2D-supervised methods. X/Y
denotes a method X trained on lifter Y. Ours variants use ground-truth cameras unless marked (PnP).
Remarkably, Ours/MVLift achieves performance only 0.332 FID away from 3D-supervised MDM.

across 37 fitness exercises, with synchronized video and accurate 3D ground truth used only for
evaluation. Many of these motions have no analog in HumanML3D (e.g. mule kicks, burpees,
stretches). For each sequence we randomly select one camera, extract 2D poses with RTMPose [18]].
Approximate 3D poses are obtained from the same video using WHAM [41]], a dedicated video-to-3D
method, serving as the noisy teacher. Camera positions are provided in the dataset or estimated
using PnP. We initialize VideoMDM from Ours/MVLift trained in Sectiond.I]and fine-tune for 20K
batches. Further details in Section[C]

Evaluation. Fit3D is too small for reliable generative metrics (FID). We instead evaluate VidleoMDM
in two ways: as a 2D-to-3D lifter Table 2] and with a human survey Figure [5al We repurpose
VideoMDM as a lifter via inference-time guidance: at every denoising step, we project the predicted
clean motion onto the camera rays of the observed 2D keypoints, Zo < Pri(Zo,y) (Section ; this
provides a direct probe of prior quality against corresponding ground-truth 3D motions.

Metrics. We report Mean Per-Joint Position Error (MPJPE) in mm, Procrustes-aligned MPJPE
(PA-MPJPE) in mm using per-frame scale, rotation, and translation alignment, Percentage of Correct
Keypoints (PCK) at 50 mm and 100 mm thresholds, and acceleration error (m/s?) from second-order
finite differences. For generative quality we report KID [3] — which is considered more reliable for
smaller sample size — in the HumanML3D evaluation VAE [13]] , using subsampling with replacement
(100 trials) for stable means and standard deviations.

Compared Methods. On 2D-to-3D motion lifting, we compare against WHAM [41]], MVLift [25],
and MDM trained on HumanML3D guided in the same way as ours. For human preference we
compare against generative text-to-3D methods: MDM/WHAM and MDM/MVLift and on the lifted
motions themselves.

Results — motion lifting. As shown in Table 2] Ours achieves the best results across most metrics:
MPIPE drops by a factor of 2 and 4 compared to WHAM and MDM, respectively. Ours (PnP) retains
most of this gap. Crucially, both our variants excel in Accel and KID, indicating smooth motions that



Model MPIJPE PA-MPJPE PCK@ PCK@  Accel KID
(mm) (mm)  50mm(%) 100mm(%) (m/s?) (& std)

MDM 440.33  114.06 6.34 24.20 7.71 0.050 £ 0.010
WHAM 228.47  51.12 2.89 17.39 17.66 0.063 £ 0.008
MVLift 283.06 9445 5.84 22.99 3.14 0.028 £ 0.006
Ours/WHAM (PnP) 185.81  74.03 15.49 52.82 3.04 0.013 £0.003
Ours/WHAM 111.24  61.69 22.26 62.80 3.16 0.011 £ 0.003

Table 2: Lifting evaluation on Fit3D held out subject. Our method achieves best KID and MPJPE

both on GT and PnP cameras.

are statistically aligned with the true 3D motion distribution. WHAM retains an edge on PA-MPJPE,
which removes scale and rotation and rewards local pose accuracy — consistent with WHAM’s
pose-supervised objective and its use of image features, which carry local detail unavailable in the

2D skeleton alone.

Results — text-to-motion. For reliable evaluation of
conditional 3D motion in the absence of large scale
data, we turn to human inspection. Figure [53] re-
ports the percentage of human preferred motions
between each baseline and ours (e.g. 40.0% on
MDM/WHAM means ours was preferred 60.0% of
the time). While Ours/WHAM consistently outper-
forms all baselines, Ours/WHAM (PnP) loses to the
WHAM baselines. Inspecting the down-voted mo-
tions, we observed these suffered from poor align-
ment with the ground, which was visually unsatisfy-
ing. We hypothesize that a ground-aware inference
or post-processing could significantly boost visual
appearance, yet we left the raw results for full trans-
parency.

Method Ours/WHAM Ours/WHAM
pref. (PNP) pref.
MDM/WHAM 40.0% 62.1%
WHAM 38.7% 60.3%
MVLift 25.0% 42.3%
MDM/MVLift 11.3% 12.5%

(a) Human Preference Survey results for the Fit3D
test set text prompts. MDM-based models (Ours,
MDM/WHAM, and MDM/MVLift) receive only
text prompts; WHAM and MVLift also receive the
original video.

Figure [6a] shows an example of a Fit3D exercise prompt. Ours/WHAM produces a coherent and
text-aligned motion, while baselines suffer from misalignment to this motion which is outside their
train set. Additional video examples are in the supplementary material.

a person is starting diamond push-ups.
Ours/WHAM
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(a) Results of generation by VideoMDM trained on Fit3D
against the lifter baselines, the lifters having access to the 2D
data while Ours only to the text prompt.

w/o FID Diversity R-Prec MM-Dist
Variant 1 — T 4
distance 57 gg4 072 348
weighting

multistep

fort < t* 9.85 7.15 0.45 5.60
Lyel 1.58  9.19 0.69 3.62
Lrepr 575 825 0.60 4.42
TAYPIOY 972 891 0.63  4.09
for Lrepr

Ours 1.05  9.60 0.71 3.50

(b) Ablations of our method using PnP cameras
and MVLift as a lifter, mean values over 5 repli-
cations on the HumanML3D validation set.

4.3 Unconditional 3D Generation from NBA videos

The NBA dataset, released with MAS [[19], provides single-view basketball sequences with 16-joint
AlphaPose [8] detections. Since MAS was designed for centered motion generation, the dataset was



Method Human 1 FID| Diversity— Precisionf  Recallt  Recall’ 1

Pref.
Training Data — 1.05%02 8.97+:05 0.73t01 0. 73%01  (.86% 01
ElePose — 10.76=4  9.79+05 0.28+02 (5803 45+ 01
MotionBERT — 30.22%26 9 57E09 0.04%00  (.34+04  ( qE0L
MAS 36.0% 5.38+:06 g 47+.06 0.50F01  0.60+01 (.68+00

Ours/ElePose  64.0% 7.18%:09 7.93%.04 0.94+00 (1000 (.89+01

Table 3: Evaluation on the NBA dataset. Human preference is reported between MAS and our
VideoMDM. Other metrics follow MAS [19]. VideoMDM is preferred nearly two thirds of votes.

collected accordingly: all motions are centered per frame (root at the origin), and no text prompts are
provided. The release also includes lifted centered motions from MotionBERT [57]] and ElePose [48]].
We use the latter as our noisy teacher. Further technical details are in Section

Methods and Results. We compare against MAS and report results in Table [3] The standard
evaluation protocol, released with MAS, computes metrics in the embedding of a 2D VAE trained
on the same data. Inspecting the VAE’s encode—decode reconstructions reveals lower fidelity than
the corresponding HumanML3D evaluation VAE, suggesting the VAE-based metrics here are a less
reliable indicator of perceptual quality. We therefore conducted a human preference study (Section[H]
in which participants compared our VideoMDM and MAS outputs in pairwise settings. Across 200
votes, VideoMDM was preferred in nearly two thirds, aligning with our own visual inspection of the
generations. Generated motion examples for both models are included in the supplementary material.

For completeness, we also report the standard MAS protocol metrics. We further note an issue
with how Recall is computed in this protocol: for each real sample, it asks whether some generated
sample lies within a threshold defined by the generated-distribution spread, biasing the metric toward
exaggerated diversity. We additionally report Recall’ (Section @), which anchors the threshold to
the real-distribution spread instead and better reflects whether the generated motions cover the real
distribution. VideoMDM falls slightly behind MAS on FID and Diversity, but achieves substantial
gains in Precision and the best Recall®, indicating that our generations spread less diversely, but
otherwise similarly to the real distribution in the VAE embedding.

4.4 Ablations

We ablate each component of VideoMDM on the HumanML3D validation set, using PnP-estimated
cameras with MVLift as the teacher. Each row in Figure [ob|reports the mean over 5 replicate runs with
one component removed: distance weighting drops the L, loss defined in (Section @; multistep
for t < t* disables multistep denoising entirely (i.e. t* = 0) and trains using the noised lifter
prediction directly across all ¢ [34]]; £,.; and L, drop the corresponding losses by setting Aye; = 0
or Arepr = 0; and ray proj replaces the camera-ray projection used in Lp, with a direct comparison
Liepr = ||F — I'(&0)||. Multistep denoising and L, are the two most impactful components.
Replacing the ray projection in L, with a naive 3D comparison roughly triples FID, confirming
that our 2D-consistent pseudo-targets are essential to the representation alignment. L, and distance
weighting contribute smaller but non-negligible improvements on FID, with negligible differences on
the remaining metrics.

5 Conclusion, Limitations and Future Work

We have presented VideoMDM, a training method for 3D human motion diffusion using only 2D
supervision, and demonstrated its ability to generate high-quality motions that in some settings
nearly match the performance of fully 3D-supervised methods. Our cross-modality diffusion owes
its success to a set of stabilization techniques and natural motion regularizations formulated in
2D. VideoMDM makes a significant stride towards training motion diffusion models directly from
abundant monocular videos. Such capability opens up new possibilities for learning generative priors
of real-world motion distributions such as multi-person behaviors and human-object interactions
which are otherwise difficult to acquire.

Limitations. VideoMDM achieves its strongest results with ground-truth camera parameters, which
are unavailable for most in-the-wild videos. PnP-estimated cameras recover most of the gap on
synthetic HumanML3D but leave a larger drop on Fit3D, where camera estimation noise compounds
with lifter and pose-extraction noise; better camera estimators would directly translate into better



priors. Our method also depends on a pretrained 2D-to-3D lifter as a noisy teacher: although the
learned prior generalizes substantially beyond the lifter’s distribution (Section[4.2), domains where
no reasonable lifter is available (e.g. non-human motion) remain out of reach. All settings we
evaluate contain no or only minimal occlusions; extending to occluded settings such as those in [[11]]
is necessary for fully in-the-wild deployment.
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A Weights for 3D to 2D Loss Equivalence

In standard DDPM and DDIM training, given a sample x ~ p and denoiser output X, the reconstruc-
tion loss is the mean squared error:

Lsa = Exep [[I% — x[3].

Since the loss decomposes over coordinates, we ignore any additional structure (e.g., joint J or frame
F’) and focus on a single 3D point:
x i
x=|y|, x=1|9].
z Z

For 2D projection, let ¢ denote the camera elevation angle and 6 the azimuth angle. We denote by
P(x, 1, 0) the perspective projection of x onto the camera image plane:

cos @ cos ) x+sinf cos Y z ‘|
)

d(x,0

)
cos ¥ y+cos 0 sin Y x+sin fsin 1 z
d(x,0,7)

P(x.1),0) = m =

with
d(x,0,¢) =sintyy + cosfcosp x + sinf cos ) z.

We define the 2D MSE loss as
. 2
Log = IExwp7 0~U[0,27] |:||W © (P(Xv ¥, 9) - P(X7 ¥, 9)) H2:| )
where W = [W,,, W,] " contains per-axis weights and ® denotes element-wise multiplication.

Depth assumption. We approximate the projection denominator as constant between x and X:

d2d(x,0,1) = d(%,0,v)

We now show that there exist weights W,,, W, such that L,y = L34, and that they are both propor-
tional to d, the depth of the point in camera coordinates.

Proof.
Consider the normalization weights
R A S . L
P cos vV 2 —tan? ¢

Image v-axis contribution.

1/27r d cosz/Jy—&—cos@sinz/Jx+sin95inwz_cosz/m&—&—cos@sinz/}:fr—l—sin@sinw,% 2d9
2w Jo cos d d

2m
=5 (y +cosftantpx 4+ sinftant z — § — cosf tany) & — sin9tanz/)2)2 do
T Jo
1 27
=5 (2cos0tan1/)(yz —gx — y& + 92) + 2sinftant) (yz — gz — y2 + 92)
™ Jo

+ 2sinf cosftan? ) (xz — iz — 22 + 22) + (y* — 2y9 + 9%)
+ cos? O tan? ¢ (2 — 2x@ + %) + sin? O tan? ¢ (2% — 225 + 732)) de
Yy =97+ btan o (o - )% + (= - 2)?),

where step (1) uses linearity of integration and the identities

27 27 27
/ cos@d@z/ sianQz/ cosfsinfdf =0,
0 0 0

27 27
/ cos? 6do = / sin?0df = 7.
0 0



Image u-axis contribution.
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Summing the coefficients on (z — )% + (z — 2)? from the u and v contributions:

cos? cos? 2 — tan?
%t&n2’l)[}+ 2(1)2w = %tan2d)+—w2 — %tan%/;—k% —
) cos ¥

Thus, for every sample,
Bo[IIW © (P(%,,6) = P(x, %,0))[13] = % — xI3,

and therefore Loy = LL3q.

B Projection of a 3D Point onto a 2D Camera Ray

We consider a calibrated pinhole camera IT with extrinsics [R | t] € R3*4 that map world points to
the camera frame as

Xcam = R Xworld + t, Re 80(3), t e R3.
Lety = (u,v)T € R? denote image coordinates in normalized units (after applying the inverse of
the intrinsics, K ~1), and define the camera-frame ray direction

u
YH = |V| € RS.
1

World ray. The camera center in world coordinates and the corresponding world-frame ray direction
are

C = —R't, r = Rlyn. (5)
Thus, the camera ray in world coordinates is the line

((\) = C+Ar, ANeR

Orthogonal projection onto the ray. Given a world point x € R?, its closest point Py on the ray £
is obtained by minimizing ||C + Ar — x||2 with respect to \. The optimal scalar is

o PE-C _ rixtyut (6)
r'r yH'yH
where the second equality uses C = —Rt and the orthogonality of R: r'r = (R"d)" (R'd) =
d"d. The projected point is then

Pr(x,y) = C+\'r. ™

In the paper, we use Pri(Xo,y) to denote the above operation, applied separately per frame and per
joint.



C Experiments Technical Details

C.1 HumanML3D Data Processing

We construct a 2D-only version of HumanML3D by sampling, for each motion, a camera with
azimuth ~ U[—m, 7], elevation ~ U[0, 7 /8], and position constrained so that the closest joint is at
least 3 units from the camera. We project the 3D motion to 2D and discard the 3D ground truth from
the training set. To obtain the noisy 3D teacher required by our method, we lift the 2D motions back
to 3D using either MotionBERT [57] or MVLift [25]. MotionBERT produces centered poses, so we
recover an uncentered trajectory by estimating root depth from observed limb lengths (Section [D));
MVLift predicts global root trajectories directly and requires no such recovery.

Skeleton Conversion Both motionBERT and MVLift require a different skeleton than HumanML3D,
in order to be as fair to the baselines as possible, we used HumanML3D data to render SMPL meshes,
for which vertices conversion to the skeletons format is known, and convert the joints in 3D, and then
rendered them to 2D for the lifter to lift using the same camera.

C.2 HumanML3D Evaluation Metrics

We report FID (statistical similarity between real and generated motion features), Diversity (average
distance between random pairs), R-Precision Top-3 (text-motion alignment in a shared embedding),
Multimodal Distance (distance to ground-truth motions), and Multimodality (variance across samples
generated from the same prompt). All results are averaged over 20 generations and reported with
95% confidence intervals.

C.3 Fit3D Data Processing

For each 2D sequence extracted by RTMPose [18]] BodyWithFeet performance model, we further
smooth it using weighted temporal mean (with weights (0.25, 0.5, 0.25), and convert to the SMPL
joint format using manually picked weight. Sequences are split into clips matching the HumanML3D
length range using the dynamic-programming procedure detailed in Section[C.4] Text descriptions
are generated from the exercise names in HumanML3D’s natural-language style.

For WHAM we use the official implementation and checkpoint, cut motions to clip length, and align
them to the dataset frame on the first frame of each clip to avoid penalizing WHAM for not using the
provided cameras at lifting evaluation time.

Skeleton Conversion WHAM requires no skeleton conversion as it uses the raw RGB image and
outputs in SMPL format. MVLift, however, requires 17-keypoint skeletons. Since all work on fit3D
that relies on 2D pose estimation uses RTMPose as pseudo-GT 2D poses, we needed to convert the
joints directly in 2D to the MVLift skeleton format. To do so, we trained a 2D joint regressor using
the accurate paired data created on HumanML3D, converting from the 22-joint format (HumanML)
to the 17-joint format (MVLift), and applied it to all 2D poses.

C.4 Clip Extraction for Fit3D

The raw sequences in the dataset [9] vary significantly in duration, so we split each motion into
shorter, natural clips using a lightweight dynamic-programming procedure. The goal is to produce
segments that (i) fall within a desired length range, (ii) avoid splitting at high-motion frames, and (iii)
prefer frames whose pose is close to the rest pose.

Split Cost. For each candidate split frame 7, we compute a frame cost

Eframe (Z) = >\pose gpose (Z) + /\vel gvel(i)a

where /4 () measures the MSE between the local pose at frame ¢ and the rest local pose, and £y (7)
is the average local velocity magnitude around frame 7. We use Apose = 30000 and Ayej = 15000.

We also apply a clip-length penalty
glen(A) == (A - Ltarget)Qa

with Lyin = 60, Ligrger = 150, and L. = 300.
Dynamic Programming. Let DP|i] store the best cumulative cost for segmenting frames [0, ¢] and
the index of the previous split. For each frame 7, we consider all valid previous splits j such that
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Figure 7: Histogram of resulting clip lengths after dynamic-programming segmentation.

Lin <4 — 7 < Lpax, and select the 7 minimizing
DP[.]] + glen(i - ]) + éframe(i)-

After the forward pass, we choose the best terminal split and backtrack through the stored indices to
recover all segment boundaries.

Outcome. This produces stable, naturally aligned clips that avoid erratic split points while keeping
durations consistent across the dataset. Running the procedure over all sequences yields 1,161 clips
in total (including subject s09). See Figure[7}

C.5 NBA Data Processing

Because the motions are scaled and centered, recovering a real pinhole camera from the data is
infeasible. We therefore adopt MAS’s convention: a camera 7 units along the Z-axis at 7/16
elevation. ElePose serves as the noisy teacher.

C.6 Compute Cost Estimates

All experiments were run on a single NVIDIA RTX 4090 GPU (24 GB VRAM). Table ] summarises
the compute required for each method. Lifter preprocessing (running MotionBERT or MVLift on the
full dataset) is a one-time cost shared by any lifter-based approach; the resulting pseudo-3D labels
are reused across all training runs.

Hyperparameters Search The sweep described in Appendix [F] comprised approximately 56 runs of
~20 hours each (~1,120 GPU-hours total), which is not reflected in the per-method figures above.
Earlier Exploration Besides the compute presented here, earlier versions of the paper with contribu-
tions which were removed because of their lack of support from the ablations included other hyper
parameter searches, one small and one larger, as well as early exploration training and the blender
rendering of all motions for the survey / supplementary material. We do not have an exact number
for total compute used but it could be estimated as around 2.5x the values reported for the hyper
parameter search and lifting / training models for experiments.



Table 4: Compute costs on a single RTX 4090. Inference is reported in seconds per 100 generated
samples.

Stage Ours MDM (on lifter) MAS
Lifter preprocessing (hr) ~200 ~200 —
Training (hr) ~46 ~36 ~6
Inference (sec / 100) ~5 ~5 ~12

D Naive Root Depth Estimation

We denote by {x?”122, the 3D joint locations of the articulated skeleton and by {x?P}22, their
image projections under a calibrated pinhole camera with focal length f. The skeleton connectivity
forms a tree whose edges (bones) have known rest lengths L3P = ||x28) —x3P||, where p(i) is the
parent joint of node <. For each frame, we observe only the 2D joint coordinates and the corresponding
2D bone lengths L” = ||x20) — x;”|.

Assumptions. We (falsely) assume that the global 3D orientation of the skeleton is uniformly random,
and that the three bones incident to the root joint (pelvis) are independently and uniformly oriented
in SO(3). Under this assumption, the direction of each bone is uniformly distributed over the unit
sphere, so that cos @ ~ Unif[—1, 1], where 6 is the angle between the bone and the camera optical
axis.

For a bone of true length L3P viewed at mean depth z and at an angle  to the optical axis, its
projected 2D length satisfies approximately

L?P ~ fLSD sin 6, 8)
z
which rearranges to
L3P z
— . 9
L2D  fsinéd ©)

Estimator. Because the orientations are random, with high probability at least one of the three
root-adjacent bones will have sin 6 close to 1. We therefore define a simple, “naive” depth estimator

as
3D

Zroot = fCS min (10)

[
1N L2D”

where N0 denotes the three edges connected to the root.

Constant. The constant C3 corrects the expectation bias due to the non-uniform distribution of
sin @ under uniform random orientations. By integrating over this distribution for three independent

samples, we obtain
1

" E[1/Smax]

where Spax = max(sin 6y, sin 0, sin f3). Thus, in normalized camera coordinates (f = 1),

Cs ~ 0.9358, (11)

3D
Zroot =~ 0.9358 glin ;D
T root

%

This estimator provides a simple and numerically stable baseline for root-depth inference from 2D
skeletons, assuming uniformly random joint orientations and known bone lengths.

E Formal Definition of Recall’

Recall Alternative. [22] define the notion of "close enough" as follows: for each sample ¢’, find
its K —th (usually taken as 3) nearest neighbor within its own manifold ®, and say that sample ¢ is



"close enough" if |¢ — ¢'|2 < |¢' — NNg (¢, ®)|2. Thus, for real and generated features ®,., @,
we can define:

P > 1{3¢' € @ |6 —¢|2 < |¢) — NNk(¢/, @,)[o}

1

L s

1
R=g7 2 13 €@y:lo— ¢l <18~ NNk (4, @)}
" gea,

Note that to estimate recall, we open hyperspheres around generated samples based on generated
nearest neighbors. This biases the metric towards favoring exaggerated diversity in the generated
distribution. We therefore suggest a variant of the recall metric that respects the spread of the real
distribution by computing the NN in the real distribution.

B O M3 €110 = 0o < [0 = NNk(6.2,)l)
"l pco,

Rl =

F Hyper Parameter Choices

Overview. The only hyperparameters shown to affect method quality were A\,¢; t* and number of
steps for multistep under ¢*. The hyper parameter search resulted in \,¢; = 287 on HumanML3D
and \,o; = 187 on NBA. t* = 30 on HumanML3D and ¢t* = 23 on NBA and #steps = 3 on
HumanML3D and #steps = 4 on NBA.

MDM Hyperparameters. For MDM, we follow the original configuration from [46], with two
exceptions: (i) we use T' = 50 diffusion steps, which has become standard practice over the past year,
and (ii) for the NBA experiment, we modify the noise schedule by setting 7 = 2 to place greater
emphasis on high-noise denoising stages.

G Mathematical Formulations of Diffusion Sampling and Guidance

We assume the DDIM notation of [44], where for a noise schedule ¢ € {1,...,T} with noising
weights (51, ..., Br, the cumulative product oy = H§:1 (1 — ;) defines the forward noising process
of data x ~ p:
X~p
qx: | %) ~ N(VI = arx, o)
X7 ~ ./\/'(O7 I)

DDPM [[16] provides a method to sample from p using a denoiser that estimates p(x | x;), as
summarized in Section|G.2] DDIM generalizes this formulation and enables more efficient sampling,
described (in part) in Section[G.T}

G.1 DDIM Used in Training

Formal Multistep Training. During training, to optimize the model over intermediate steps ¢ < t*,
we use DDIM sampling to skip from some ¢, > t* down to ¢;_1, ..., t;, where b is the number of
buckets defined by LIS [34]]. Each t; is sampled uniformly as t; ~U((i — 1)B, (i —1)B+ B — 1),
with bucket size B = [t*/(b — 1)]. For our hyperparameters t* = 12 and b = 3, this yields
ts ~U(12,17),to ~U(6,11), and t; ~ U(0,5).

We randomly mix batches where ¢t > ¢* and the standard diffusion loss is used, with batches where
t < t*. For the latter, we first sample x;, = ,/a, X + /1 — ag e with € ~ N (0,I). We then
iteratively compute, for ¢ = 3,2, 1:

X;0 = Dy(stop_gradient(xy, ), t;) (12)
»Ci = Etolal(f{iﬁo) (13)
~ Xt; — /Oy kl—)O
€ T=ar (14)
Xti71 = vV at¢71 )A(l—>0 + mél (15)

The batch loss is the average £ = (L3 + L2 + L1).



G.2 DDPM Used in Lifting

DDPM Sampling. Full-sampling quality is best with DDPM, so for lifting we apply guidance within
the DDPM inference procedure:

xr ~ N(0,1) (16)

fort=T,T7—1,...,2,1: 17

X = Dg(x¢, t) (18)

e ~ N(0,1) (19)

wﬁo _ \/at—lﬂt (20)

1-— Qg
wy, = A B 2e) @
) 1— oy

1—ay

We, = 17@ (22)

—
Xt—1 = Wg, Xo + Wx, Xt + We, € (23)

Applying 2D Guidance. To apply ray-projection guidance during DDPM sampling, we insert:
X0 = Pr(%o, y) (24)

after equation (19). This procedure is a specific instance of guided diffusion introduced by [45] and a
relaxation of [23]], which handles the harder case of unknown camera.

H Human Preference Survey

The human surveys were conducted through a web-based interface with anonymous crowdworkers
recruited via Prolific. Participants were unaware of which method generated which motion; clips
were labeled only as Video A and Video B with randomized left/right assignment. Both clips played
automatically on page load, and choice buttons remained disabled until both had finished playing,
ensuring each motion was watched in full.

The NBA survey (20 participants) compared our method against MAS [19] for unconditional
basketball motion generation. Each participant evaluated 10 pairs of stick-figure animations and
selected the one that looked more realistic and natural. No text prompt or reference motion was
provided. A representative screenshot from the survey interface is shown in Figure[§]

The Fit3D survey (52 participants) evaluated six methods for text-conditioned motion generation.
Each participant evaluated 20 pairs, one per text prompt, where the two methods shown were drawn
at random from the six candidates. Each page displayed the text prompt used for sampling and a
reference video from the Fit3D dataset [9] to ground participants’ understanding of the described
action, alongside the two candidate clips. A representative screenshot from the survey interface is
shown in Figure [0

For both surveys the following text instructions were introduced:
Participant Consent Form

Study title: Human Evaluation of AI-Generated Human Motion

Purpose: This study investigates the perceptual quality of computer-generated human motion
animations.

Participation: You will watch 20 pairs of short video clips and indicate which appears more realistic
( 2-4 minutes).

Risks: There are no known risks.

Confidentiality: No personally identifiable information is collected. All responses are anonymous.
Voluntary: You may stop at any time without penalty.

Compensation: Upon completion you will receive a unique code to claim your compensation.

Motion Generation Survey

You will evaluate 20 pairs of motion clips. Each pair shows two animations for the same text prompt;
choose whichever looks more realistic and natural.



Figure 8: A representative screenshot from the NBA Human Preference Survey interface.

a person is starting overhead extension thrusters.

Figure 9: A representative screenshot from the Fit3D Human Preference Survey interface.

» Read the text prompt at the top of each page.
* Both videos play automatically; choice buttons unlock after both finish.
* You may replay clips as many times as you like before choosing.

* The survey takes approximately 2—4 minutes.

Participants were compensated according to the survey duration, with an average effective rate of
£15.53/hour across both surveys.



I Camera Parameters Estimation

When camera parameters are unavailable, we estimate them by solving EPnP between the first 24
frames (minimal motion length used by MDM [46]]) of the 3D estimated pose (MVLift [25] results
on HumanML3D [[13] and WHAM [41] on Fit3D [9]]) and the 2D poses. To do so we use OpenCV
[4] EPnP solver and Levenberg-Marquardt pose refinement, both with default parameters.

J Explicit HumanML Channel Partitioning

HumanML3D’s representation [[13]] is composed of:

1. 1 channel for angular velocity around the y-axis, 2 channels for root velocity in the XZ
plane, 1 channel for root height.

2. 3 channels per non-root joint, representing X (root coordinate frame) Y (global) and Z (root
coordinate frame).

3. 6 channels per non-root joint, representing the 6D continuous rotations of the joints in
relation to the rest pose angle (T-shape human), each joint rotation is calculated as the
normalized displacement from its ancestor.

4. 3 channels per joint (including root) representing the per-joint velocity.

5. 4 channels representing the 4 foot contact flags. For the NBA dataset with only 2 foot joints
we replicate these flags per foot.

So in total our x is composed of Ay = 4+ (J—1) x 3 channelsandr of By = (J—1) x6+.J x3+4
channels.
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