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Figure 1. GENMO unifies human motion estimation and generation in a single framework and supports diverse conditioning signals in-
cluding monocular videos, 2D keypoints, text descriptions, music, and 3D keyframes. GENMO can estimate accurate global human motion
from videos with dynamic cameras and seamlessly handles arbitrary combinations and lengths of conditioning signals while generating
smooth transitions between them. All of this is achieved in a single feedforward diffusion pass without complex post-processing.

Abstract

Human motion modeling traditionally separates motion
generation and estimation into distinct tasks with special-
ized models. Motion generation models focus on creat-
ing diverse, realistic motions from inputs like text, audio,
or keyframes, while motion estimation models aim to re-
construct accurate motion trajectories from observations
like videos. Despite sharing underlying representations of
temporal dynamics and kinematics, this separation limits
knowledge transfer between tasks and requires maintaining
separate models. We present GENMO, a unified General-
ist Model for Human Motion that bridges motion estima-
tion and generation in a single framework. Our key insight
is to reformulate motion estimation as constrained motion
generation, where the output motion must precisely satisfy
observed conditioning signals. Leveraging the synergy be-
tween regression and diffusion, GENMO achieves accurate
global motion estimation while enabling diverse motion
generation. We also introduce an estimation-guided train-

ing objective that exploits in-the-wild videos with 2D anno-
tations and text descriptions to enhance generative diver-
sity. Furthermore, our novel architecture handles variable-
length motions and mixed multimodal conditions (text, au-
dio, video) at different time intervals, offering flexible con-
trol. This unified approach creates synergistic benefits:
generative priors improve estimated motions under chal-
lenging conditions like occlusions, while diverse video data
enhances generation capabilities. Extensive experiments
demonstrate GENMO’s effectiveness as a generalist frame-
work that successfully handles multiple human motion tasks
within a single model.

1. Introduction

Human motion modeling is a longstanding topic in com-
puter vision and graphics, with applications in gaming,
animation, and 3D content creation. These creative ap-
plications typically require precise and intuitive user con-
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trol. Consider a scenario where a user aims to generate
motion sequences integrating multiple modalities: starting
from a video clip, transitioning to follow textual descrip-
tions, syncing with audio cues, and aligning with another
video, all while providing fine-grained control via user-
defined keyframes. Such sequences must precisely repli-
cate observed human movements, reflect intended actions
described by text or music, and adhere consistently to spec-
ified keyframes. While recent advances have made sig-
nificant progress in individual tasks, achieving such pre-
cision and flexibility across multiple modalities remains
challenging. Specifically, motion estimation from videos
typically involves deterministic predictions focused on ac-
curacy, whereas text/music-to-motion generation requires
diversity to all possible motions. Consequently, these
tasks are usually treated independently despite sharing com-
mon representations like temporal dynamics and kinematic
structures. This separation limits cross-task knowledge
transfer and requires maintaining distinct models.

Recent studies have revealed the synergistic relationship
between motion estimation and generation tasks. Genera-
tive models [22, 49, 60] have provided robust priors for mo-
tion estimation, particularly in challenging scenarios such
as world-space estimation [6, 31, 37, 69]. Conversely, lever-
aging large-scale video data for estimation has enhanced
the realism of generative models by enriching their learned
motion distributions [40]. This motivates developing a uni-
fied generalist model capable of handling both tasks con-
currently across multiple modalities. However, developing
such a framework presents significant challenges due to the
contrasting objectives of these tasks: generation requires
producing diverse and plausible outputs from abstract in-
puts like text or audio, while estimation demands precise
motion reconstruction from concrete observations such as
videos and keypoints. Creating a unified architecture that
effectively balances diverse generation with accurate recon-
struction while leveraging shared representations remains a
complex challenge.

To address these issues, we propose GENMO, a Gener-
alist Model for Human Motion that unifies estimation and
generation within a single framework. We formulate mo-
tion estimation as constrained motion generation adhering
to observed signals. This unification yields synergistic ben-
efits: generative priors enhance plausibility in challenging
estimation scenarios (e.g., occlusions), while diverse video
data enrich generative diversity without requiring ground-
truth 3D annotations.

GENMO is built upon a diffusion model framework in-
corporating a novel dual-mode training paradigm: (1) es-
timation mode, where we feed the GENMO diffusion de-
noiser with zero-initialized noise and the largest diffusion
timestep, forcing the model to produce maximum likelihood
estimation (MLE) of the motion based on the conditional

signals; (2) generation mode, follows traditional diffusion
training by sampling noisy motions and timesteps accord-
ing to a predefined schedule, enabling the model to learn
rich generative distributions from the conditioning signals.
This dual-mode approach allows GENMO to excel at both
precise estimation and diverse generation tasks. We further
enhance the framework with an estimation-guided training
objective that effectively leverages in-the-wild videos with
2D annotations, substantially expanding the model’s gen-
erative capabilities. Furthermore, our architectural innova-
tions enable the processing of variable-length motion se-
quences and seamlessly integrate arbitrary combinations of
multi-modal conditioning signals at different time intervals,
as demonstrated in Fig. 1. Notably, GENMO generates
multi-conditioned motions in a single feedforward diffusion
pass, without requiring complex post-processing steps.

Through extensive empirical evaluation, we demonstrate
GENMO’s capabilities across a comprehensive suite of
tasks encompassing both global and local motion estima-
tion, as well as diverse motion generation tasks including
music-to-dance synthesis, text-to-motion generation, and
motion-inbetweening. Our experimental results establish
that GENMO achieves state-of-the-art performance across
various tasks (global motion estimation, local motion esti-
mation, and music-to-dance generation), validating its effi-
cacy as a unified generalist framework for human motion
modeling.

Our contributions are summarized as follows:

• We propose GENMO, the first generalist model unify-
ing state-of-the-art global motion estimation with flex-
ible human motion generation conditioned on videos,
music, text, 2D keypoints, and 3D keyframes.

• Our architecture design supports seamless generation of
variable-length motions conditioned on arbitrary num-
bers and combinations of multimodal inputs without
complex post-processing.

• We propose a novel dual-mode training paradigm to ex-
plore the synergy between regression and diffusion, and
introduce an estimation-guided training objective that
enables effective training on in-the-wild videos.

• We demonstrate bidirectional benefits: generative priors
improve estimation under challenging conditions like
occlusions; conversely, diverse video data enhances gen-
erative expressiveness.

2. Related Work
2.1. Human Motion Generation
Human motion generation has progressed significantly in
recent years [3, 7, 10–12, 19, 20, 22, 23, 46, 46, 49, 53, 60,
62, 67, 73, 74, 82] leveraging a variety of conditioning sig-
nals such as text [8, 13, 18, 27], actions [15], speech [1, 81],
music [38, 54, 57, 59, 61, 62], and scenes/objects [21, 33,
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66, 70, 78]. Recently, multimodal motion generation has
also gained attention [4, 43, 75, 80] enabling multiple input
modalities. However, most existing methods focus solely
on generative tasks without supporting estimation. For in-
stance, the method [75] supports video input but treats it as
a generative task, resulting in motions that loosely imitate
video content rather than precisely matching it. In contrast,
our method jointly handles generation and estimation tasks,
yielding more precise video-conditioned results.

For long-sequence motion generation, existing works
mostly rely on ad-hoc post-processing techniques to stitch
separately generated fixed-length motions [2, 45, 48, 76]. In
contrast, our method introduces a novel diffusion-based ar-
chitecture enabling seamless generation of arbitrary-length
motions conditioned on multiple modalities without com-
plex post-processing.

Existing datasets, such as AMASS [44], are limited in
size and diversity. To address the scarcity of 3D data,
Motion-X [40] and MotionBank [68] augment datasets us-
ing 2D videos and 3D pose estimation models [52, 72], but
the resulting motions often contain artifacts. In contrast,
our method directly leverages in-the-wild videos with 2D
annotations without explicit 3D reconstruction, reducing re-
liance on noisy data and enhancing robustness and diversity.

2.2. Human Motion Estimation
Human pose estimation from images [28, 35, 50], videos [9,
14, 30], or even sparse marker data [34, 47, 71] has been
studied extensively in the literature. Recent works focus pri-
marily on estimating global human motion in world-space
coordinates [31, 37, 52, 65, 69, 72]. This is an inherently
ill-posed problem, hence these methods leverage generative
priors and SLAM methods to constrain human and camera
motions, respectively. However, these methods typically in-
volve computationally expensive optimization or separate
post-processing steps.

More recent approaches aim to estimate global human
motion in a feed-forward manner [51, 52, 65, 77], offer-
ing faster solutions. Our method extends this direction by
jointly modeling generation and estimation within a uni-
fied diffusion framework. This integration leverages shared
representations and generative priors during training to pro-
duce more plausible estimations.

3. Generalist Model for Human Motion
GENMO unifies motion estimation and generation by
formulating both tasks as conditional motion generation.
Specifically, it synthesizes a human motion sequence x of
length N based on a set of condition signals C and a set
of corresponding condition masks M, where N can be ar-
bitrarily large. The condition set C includes one or more
of the following: video feature cvideo ∈ RN×dvideo , camera
motion ccam ∈ RN×dcam , 2D skeleton c2d ∈ RN×d2d , music

clip cmusic ∈ RN×dmusic , 2d bounding box cbbox ∈ RN×dbbox ,
or natural language ctext ∈ RM×dtext that describes the mo-
tion where M is the number of text tokens. The condition
mask M consists of the mask m⋆ ∈ RN×d⋆ for each con-
dition type c⋆ in C. The mask matrix is of the same size as
the condition feature and its element is one if the condition
feature is available and zero otherwise.

Joint Local and Global Motion Representation. We now
introduce the motion representation we use for x. Most text-
to-motion generation methods adopt an egocentric motion
representation that encodes human motion in a heading-free
local coordinate system. However, for motion estimation,
human motions are typically represented in the camera co-
ordinate system to ensure better image feature alignment
that facilitates learning. In this work, to obtain a unified
generation and estimation model, we adopt a general hu-
man motion representation that encodes both the egocen-
tric and camera-space human motions, along with the cam-
era poses. Our approach leverages the gravity-view coor-
dinate system [51], where the global trajectory of a person
at frame i includes the gravity-view orientation Γi

gv ∈ R6

and the local root velocities viroot ∈ R3. The local motion at
the i-th frame is represented as the SMPL [42] parameters,
which consists of joint angles θi ∈ R24×6, shape param-
eters βi ∈ R10, and root translation tiroot ∈ R3. Camera
pose information at frame i is encoded through the camera-
to-world transformation πi =

(
Γi

cv, t
i
cv

)
, comprising the

camera-view orientation Γi
cv ∈ R6 and camera translation

ticv ∈ R3. Additionally, we include contact labels pi ∈ R6

for hands and feet (heels and toes). The complete motion se-
quence x =

{
xi
}N

i=1
encompasses N human poses, where

each pose xi ∈ RD consists of global motion, local motion,
and camera pose:

xi =
(
Γi

gv, v
i
root, θ

i, βi, tiroot, π
i, pi

)
. (1)

3.1. Unified Estimation and Generation Design
In this section, we will present the architectural design of
GENMO and elucidates how it unifies motion estimation
and generation within a single model. The model architec-
ture, illustrated in Figure 2, transforms a noisy motion se-
quence xt with the conditions C and condtion masks M into
a clean motion sequence x0 through a series of carefully de-
signed components. The initial processing stage consists of
an additive fusion block that converts xt into a sequence of
per-frame motion tokens. This block utilizes dedicated mul-
tilayer perceptrons (MLPs) to process each condition type
in C independently, combines their features through sum-
mation to create a unified condition representation, which
is further fused with noisy motion xt to produce the motion
token sequence. The resulting sequence is subsequently
processed through L GENMO modules, each comprising
a RoPE-based Transformer block and our novel multi-text
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Figure 2. GENMO Model Design supports the generation of
variable-length motion sequences in a single pass and enables
seamless integration of multimodal conditioning signals, support-
ing both human motion generation and estimation.

injection block. Our architecture leverages Rotary Position
Embedding (RoPE) [56], which computes attention based
on relative temporal positions. This design choice enables
processing of variable-length sequences and accommodates
conditions lacking inherent temporal ordering, such as im-
ages and 2D skeletons.

However, text conditioning poses unique challenges.
Unlike frame-aligned modalities such as video and mu-
sic, text is not aligned with the motion frames. The con-
ventional approach of concatenating text with the motion
sequence is inadequate as inserting text at any positions
can introduce temporal bias. To address this challenge,
we propose a novel multi-text injection block that facili-
tates text-conditioned motion generation while accommo-
dating multiple text inputs (K) with user-specified time
windows. The multi-text injection block comprises a trans-
former block with our proposed multi-text attention mech-
anism at its core. As depicted in Figure 3, the multi-text at-
tention mechanism processes K text embedding sequences
c1text, c

2
text, . . . , c

K
text alongside the input motion feature se-

quence fin to generate the output feature sequence fout:

fout =

K∑
k=1

MaskedMHA
(
fin, c

k
text,Ωk

)
. (2)

Ωk(i, j) =

{
1 if i is within time window of text k
0 otherwise

(3)

where MaskedMHA(·) represents a masked variant of the
conventional multi-head attention mechanism. For each
text input k, we employ a binary mask Ωk that assumes
a value of one when timestep i lies within the designated
time window of text k, and zero otherwise. Through the
multiplication of attention weights with mask Ωk, we effec-
tively restrict the influence of each text prompt to its cor-

Text 1 Text 2 Text K

Query

Key
&

Value

Attention
Matrix

Text 1
Window

Text 2
Window

Text K
WindowInput Sequence

Output Sequence

Attention
Output

Figure 3. Multi-text attention enables flexible conditioning with
multiple text inputs, each constrained to its specified time window.

responding time window. This multi-text attention mech-
anism enables highly flexible conditioning, allowing for
any number of text inputs, each with a user-defined time
window length. Although the mask introduces disconti-
nuities at time window boundaries, GENMO successfully
generates smooth motion sequences through the subsequent
RoPE-based transformer block, which effectively captures
and models temporal motion dynamics.

Inference with Arbitrary Motion Length. Our ar-
chitecture employs relative positional embeddings rather
than absolute embeddings for motion sequences, allowing
GENMO to generate motions of arbitrary length in a single
diffusion forward pass while naturally incorporating mul-
tiple text inputs across different time spans. During infer-
ence, we adopt a sliding window attention mechanism in
the RoPE-based Transformer block, where each token at-
tends only to tokens within a W -frame neighborhood. This
design enables the generation of motion sequences longer
than those seen during training while preserving compu-
tational efficiency and ensuring smooth, coherent motion
transitions.

Mixed Multimodal Conditions. When conditioned on
multiple modalities, our framework employs a princi-
pled approach for generation: text conditions, which lack
frame-level alignment, are processed through our special-
ized multi-text attention mechanism, while frame-aligned
modalities (e.g., video, music, 2D skeleton) are managed
through a temporal masking strategy. As mentioned be-
fore, for each condition c⋆, we use a mask m⋆ of the same
size to indicate whether the condition feature is (partially)
present at each frame (one for present, zero otherwise). We
also multiply the mask with the condition feature to nul-
lify missing features. This simple yet effective approach
enables seamless transitions between different conditioning
modalities while maintaining temporal coherence.
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3.2. Dual-Mode Training Paradigm
As a diffusion model, GENMO can theoretically be trained
with the standard DDPM [24] objective:

Lgen = Et∼[1,T ],xt∼q(xt|x0)

[∥∥x0−G(xt, t, C,M)
∥∥2] , (4)

where t the sampled diffusion timestep, and xt is the noisy
motion sampled from the forward diffusion process. Ide-
ally, the model trained with this objective should be capable
of generating motion sequences that satisfy the condition
set C and mask M, so it can be used as a motion estima-
tion model when provided with video cvideo or 2D skeleton
c2d conditions. However, we found that such a generative
training objective is not enough to generate accurate mo-
tion sequences that are consistent with the input video. We
observe a fundamental difference between motion estima-
tion and text-to-motion generation tasks: motion estimation
results exhibit substantially lower variability. To investigate
this phenomenon, we trained separate diffusion models for
text-to-motion generation and video-conditioned motion es-
timation, then visualized their predictions across all diffu-
sion steps and different initial latent noises (Fig. 4). The
results demonstrate that the video-conditioned model be-
haves more deterministically, in other words, the first-step
prediction closely resembles predictions from subsequent
steps with minimal variation. In contrast, the text-to-motion
model exhibits significantly higher variance among steps.
This observation has important implications for the estima-
tion task: the accuracy of the first-step prediction becomes
critical, as errors introduced early in the diffusion process
are difficult to correct in later steps. Based on this insight,
we propose a dual-mode training paradigm, which consists
of (1) an estimation mode and (2) a generation mode. In-
tuitively, this dual-mode approach reinforces the quality of
first-step predictions while maintaining the model’s genera-
tive capabilities.

Estimation Mode. In the estimation mode, we formu-
late the problem as a regression task, employing maxi-
mum likelihood estimation to learn the conditional distribu-
tion q(x|C,M). This approach yields the following mean-
square error (MSE) objective:

Lest = Ez∼N (0,I)

[∥∥x0 − G(z, T, C,M)
∥∥2] . (5)

Rather than using noisy motion xt, we utilize pure Gaussian
noise z ∼ N (0, I) as input to the model, along with the cor-
responding maximum diffusion timestep T . This formula-
tion ensures that the estimation mode aligns with the inher-
ent variance characteristics of the diffusion model, thereby
preventing conflicts between the generation and estimation
modes.

To further enhance the quality of predicted motion se-
quences, we incorporate geometric regularization losses

Text Condition

Video Condition

Different Timesteps Different Samples

“A person turns
around, walks
forward, turns

around, and then
walks back.”

Figure 4. Variance of video/text conditioned predictions. Left:
Intermediate predictions across 50 DDIM denoising steps. Right:
Predictions with 10 different initial noises (including zero-noise).
Motions are transparent except the first-step and zero-noise predic-
tions. Video conditioning yields more deterministic outputs com-
pared to text conditioning.

Lgeo following established approaches in the literature [49,
60]. It involves decoding the predicted motion sequences
into SMPL joints and vertices, followed by the application
of constraints on world-space and camera-space vertices po-
sitions, world-space and camera-space joint positions, and
joint contacts. In scenarios where only 2D annotations are
available, we employ a 2D reprojection loss to effectively
regularize the predicted motion sequences.

Generation Mode. For data with clean 3D annotations x0,
we can directly employ the standard diffusion objective in
Eq. 4 to train the generation mode. In this section, we pri-
marily focus on the more interesting scenario where only
2D annotations are available for the generation mode.

Unlike 3D annotations, 2D pose labels are more readily
accessible through manual annotation or by applying robust
2D pose estimators on large-scale video datasets. 2D data
also offers greater diversity compared to existing 3D motion
capture data, which is constrained by the limited variety of
subjects, motions, appearances, and environments.

Due to its inherent estimation capability, GENMO can
naturally leverage 2D data for training the generation mode.
Specifically, we propose an estimation-guided generation
training strategy. First, we generate a pseudo-clean mo-
tion from the estimation mode using video or 2D skeleton
as conditions: x̂0 = G(z, T, C). Subsequently, we sample
a noisy motion sequence x̂t through the forward diffusion
process: q

(
x̂t|x̂0

)
. We then apply a 2D reprojection loss on

the predicted clean motion using the 2D keypoint annota-
tions x2d:

Lgen-2D = Ex̂t∼q(x̂t|x̂0),t∼[1,T ]

[∥∥x2d −Π(G(x̂t, t, C))
∥∥2],

(6)
where Π represents the 2D projection function. For the gen-
eration mode, we also apply the aforementioned geometric
losses Lgeo to regularize the predicted motion sequences.
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Training Mode Selection. We train the model on diverse
datasets with various types of modalities. When training
on datasets with strong conditioning signals that render the
motion distribution more deterministic, such as video or
2D skeletons, we utilize both the estimation and genera-
tion modes to train GENMO. Conversely, when training on
datasets with abstract conditions that result in more gener-
ative motion distributions, such as text and music, we ex-
clusively employ the generation mode. This mode selec-
tion principle is applied to both 3D and 2D data. To effi-
ciently batch the training process, we employ loss masks to
selectively activate the relevant objectives for each sample,
thereby ensuring that only the appropriate training modes
contribute to the optimization.

4. Experiments

We evaluate the performance of GENMO on four different
tasks including video-to-motion, music-to-dance, text-to-
motion, and motion in-betweening. Note that for all exper-
iments we use a single one-in-all checkpoint jointly trained
for all tasks unless stated otherwise.

Datasets. GENMO is trained on a diverse collection of
motion datasets spanning multiple tasks: (1) motion cap-
ture data from AMASS [44]; (2) motion estimation bench-
marks including BEDLAM [5], Human3.6M [26], and
3DPW [63]; (3) music-to-dance data from AIST++ [38]; (4)
text-to-motion data from HumanML3D [16]; (5) 2D key-
points and text descriptions from Motion-X [40]. Compre-
hensive details regarding the training procedure and imple-
mentation are provided in the supplementary material.

For evaluation, we use RICH [25], and EMDB [29] for
global human motion estimation, 3DPW [63] for local hu-
man motion estimation, AIST++ [38] for music-to-dance
generation, and HumanML3D [16] and Motion-X [40] for
text-to-motion generation.

Evaluation Metrics. For music-to-dance generation, we
follow the standard evaluation metrics [38, 61] and report
the FID, Diversity, PFC, and BAS. For text-to-motion gen-
eration, we follow the standard evaluation metrics in previ-
ous works [16, 60] and report the R-Precision (Top 3), FID,
Diversity, and MultiModal Dist. We also test the motion in-
betweening performance by reporting the WA-MPJPE and
PA-MPJPE for all the keyframes.

For motion estimation, we report MPJPE, PA-MPJPE,
and PVE to evaluate the local motion. Acceleration er-
ror (Accel) is also reported to measure the smoothness of
the motion. For global motion estimation, we report W-
MPJPE100 and WA-MPJPE100. We also evaluate the er-
ror accumulation over long sequences by reporting RTE in
%. Jitters and foot sliding (FS) during contacts are also re-
ported. Details are provided in the supplementary material.

4.1. Evaluation of Motion Estimation
Global Motion Estimation. We compare GENMO with
state-of-the-art (SOTA) methods for recovering global hu-
man motion from videos with dynamic cameras. To en-
sure fair comparison across methods that employ differ-
ent SLAM techniques during inference, we also report re-
sults using ground-truth camera parameters provided by the
datasets. As shown in Table 1, GENMO consistently out-
performs specialized methods trained exclusively for hu-
man motion estimation. Notably, our approach achieves
a W-MPJPE of 202.1 mm on the EMDB dataset, surpass-
ing TRAM [65] (222.4 mm) despite both methods utilizing
identical SLAM systems and backbone features for video
encoding. This performance advantage stems from our uni-
fied motion generation and estimation framework, where
the generative prior enhances the quality of reconstructed
motions. GENMO also demonstrates superior performance
on the RICH dataset compared to all existing methods. Ex-
tensive qualitative results are provided in the supplementary
material.

Local Motion Estimation. We evaluate GENMO against
SOTA methods for local 3D human motion estimation.
Quantitative results in Table 2 demonstrate that GENMO
surpasses existing approaches across most metrics. Ad-
ditionally, we present results without training on 2D-only
data, where the observed performance degradation high-
lights the effectiveness of our estimation-guided 2D train-
ing objective. Further evaluation on the challenging 3DPW-
XOCC dataset [36] reveals that our generative prior enables
GENMO to maintain robust performance even under severe
occlusions and truncations. Comprehensive analyses and
results on 3DPW-XOCC are provided in the supplementary
material.

4.2. Evaluation of Motion Generation
Comparison on Music-to-Dance. We evaluate music-to-
dance generation performance on the AIST++ dataset [38],
with results presented in Table 3. GENMO is benchmarked
against SOTA methods and a specialized variant of our
model trained exclusively on AIST++ for music-to-dance
generation. Notably, our generalist model, jointly trained
across multiple estimation and generation tasks, demon-
strates substantially enhanced motion diversity, physical
plausibility, and motion-music correlation, as evidenced
by superior Divk, Divm, PFC, and BAS metrics. While
GENMO exhibits higher FID values compared to the spe-
cialized music-only variant, this performance differential
is expected given that our generalist model was trained
on considerably more heterogeneous motion data spanning
multiple tasks and domains.

Comparison on Text-to-Motion. We evaluate the text-
to-motion generation capabilities of GENMO on both Hu-
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Table 1. World-grounded human motion estimation. We evaluate the global motion quality on the EMDB-2 [29] dataset and RICH [25].
Parenthesis denotes the number of joints used to compute WA-MPJPE100, W-MPJPE100 and Jitter.

EMDB (24) RICH (24)

Models WA-MPJPE100 W-MPJPE100 RTE Jitter Foot-Sliding WA-MPJPE100 W-MPJPE100 RTE Jitter Foot-Sliding

GLAMR [72] 280.8 726.6 11.4 46.3 20.7 129.4 236.2 3.8 49.7 18.1
TRACE [58] 529.0 1702.3 17.7 2987.6 370.7 238.1 925.4 610.4 1578.6 230.7
SLAHMR [69] 326.9 776.1 10.2 31.3 14.5 98.1 186.4 28.9 34.3 5.1
COIN [37] 152.8 407.3 3.5 - - - - - - -
WHAM (w/ DPVO) [52] 135.6 354.8 6.0 22.5 4.4 109.9 184.6 4.1 19.7 3.3
WHAM (w/ GT extrinsics) [52] 131.1 335.3 4.1 21.0 4.4 109.9 184.6 4.1 19.7 3.3
GVHMR (w/ DPVO) [51] 111.0 276.5 2.0 16.7 3.5 78.8 126.3 2.4 12.8 3.0
GVHMR (w/ GT extrinsics) [51] 109.1 274.9 1.9 16.5 3.5 78.8 126.3 2.4 12.8 3.0
TRAM (w/ DROID-SLAM) [65] 76.4 222.4 1.4 - - - - - - -

Ours (w/ DROID-SLAM) 74.3 202.1 1.2 17.8 8.8 75.3 118.6 1.9 15.0 6.7
Ours (w/ GT extrinsics) 69.5 185.9 0.9 17.7 8.6 75.3 118.6 1.9 15.0 6.7

Table 2. Camera-space metrics. We evaluate the camera-space motion quality on the 3DPW [63], RICH [25] and EMDB-1 [29] datasets.
∗ denotes models trained with the 3DPW training set.

3DPW (14) RICH (24) EMDB (24)

Models PA-MPJPE MPJPE PVE Accel PA-MPJPE MPJPE PVE Accel PA-MPJPE MPJPE PVE Accel

pe
r-

fr
am

e CLIFF∗ [39] 43.0 69.0 81.2 22.5 56.6 102.6 115.0 22.4 68.1 103.3 128.0 24.5
HybrIK∗ [35] 41.8 71.6 82.3 – 56.4 96.8 110.4 – 65.6 103.0 122.2 –
HMR2.0 [14] 44.4 69.8 82.2 18.1 48.1 96.0 110.9 18.8 60.6 98.0 120.3 19.8
ReFit∗ [64] 40.5 65.3 75.1 18.5 47.9 80.7 92.9 17.1 58.6 88.0 104.5 20.7

te
m

po
ra

l

VIBE∗ [30] 51.9 82.9 98.4 18.5 68.4 120.5 140.2 21.8 81.4 125.9 146.8 26.6
TRACE∗ [58] 50.9 79.1 95.4 28.6 – – – – 70.9 109.9 127.4 25.5
SLAHMR [69] 55.9 – – – 52.5 – – 9.4 69.5 93.5 110.7 7.1
PACE [31] – – – – 49.3 – – 8.8 – – – –
WHAM∗ [52] 35.9 57.8 68.7 6.6 44.3 80.0 91.2 5.3 50.4 79.7 94.4 5.3
GVHMR∗ [51] 36.2 55.6 67.2 5.0 39.5 66.0 74.4 4.1 42.7 72.6 84.2 3.6
TRAM∗ [65] 35.6 59.3 69.6 4.9 - - - - 45.7 74.4 86.6 4.9

Ours∗ (w/o 2D Training) 35.2 55.4 67.0 4.8 40.6 66.4 75.4 4.0 44.3 76.0 88.9 4.3
Ours∗ 34.6 53.9 65.8 5.2 39.1 66.8 75.4 4.1 42.5 73.0 84.8 3.8

Table 3. Benchmark of Music-to-Dance Generation. Motion
quality is evaluated on the AIST++ [38] dataset.

Methods FIDk ↓ FIDm ↓ Divk ↑ Divm ↑ PFC ↓ BAS ↑

FACT [38] 86.43 43.46 6.85 3.32 2.2543 0.1607
Bailando [54] 28.16 9.62 7.83 6.34 1.754 0.2332
EDGE [61] 42.16 22.12 3.96 4.61 1.5363 0.2334
GCDance [41] 36.81 20.10 6.44 6.47 - 0.2346

Ours (music only) 16.10 13.91 8.47 7.26 0.7340 0.2282
Ours 40.91 18.51 10.09 7.48 0.3702 0.2708

manML3D (Table 4) and Motion-X (Table 5) datasets. Our
method demonstrates superior performance compared to the
baseline model MDM [60], exhibiting enhanced motion
fidelity and improved text-prompt correspondence across
both benchmarks. To assess the impact of 2D data train-
ing, we compare GENMO with its variant without training
on Motion-X’s 2D data. The results indicate that incor-
porating 2D training substantially enhances motion gener-
ation performance across both HumanML3D and Motion-
X datasets. These findings substantiate the efficacy of
leveraging 2D data within GENMO’s framework for text-
conditioned motion generation tasks.

Discussion on HumanML3D Performance. Although
GENMO exhibits worse performance compared to SOTA
methods like EMDM [79], this discrepancy can be stemmed
from our representation choice: GENMO utilizes SMPL pa-

Table 4. Benchmark of Text-to-Motion Generation on the Hu-
manML3D [16] dataset. R@3 denotes R-Precision (Top 3).

Methods Rep. R@3 ↑ FID ↓ MM Dist ↓ Diversity →

Real HumanML3D 0.797 0.002 2.974 9.503

T2M [17] HumanML3D 0.740 1.067 3.340 9.188
MDM [60] HumanML3D 0.611 0.544 5.566 9.559
M2DM [32] HumanML3D 0.763 0.352 3.134 9.926
EMDM [79] HumanML3D 0.786 0.112 3.110 9.551
MoMask [19] HumanML3D 0.781 0.204 2.779 -

Ours (w/o 2D Training) SMPL 0.556 0.245 3.128 11.660
Ours SMPL 0.632 0.216 3.466 11.342

rameters to represent human motion for unified estimation
and generation, whereas SOTA methods employ the Hu-
manML3D representation — the same representation used
by the encoders of the FID and R-Precision metrics. This
representational mismatch introduces an inherent disad-
vantage for GENMO, as it necessitates bidirectional conver-
sion of ground-truth motions from HumanML3D to SMPL
during training and conversion of our generated motions to
the HumanML3D format during evaluation. These con-
version processes inevitably introduce distribution shifts
through alterations in bone lengths, joint angles, and joint
velocities, consequently affecting performance metrics and
limiting the upper bound of GENMO’s achievable perfor-
mance on these HumanML3D-specific metrics.

Experiments on Motion In-betweening. We further
evaluate the performance of conditional motion genera-
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Table 5. Benchmark of Text-to-Motion Generation. Motion
quality is evaluated on the Motion-X [40] dataset.

Methods R@3 ↑ FID ↓ MM Dist ↓ Diversity →

Real 0.791 0.001 2.823 11.702

MDM [60] 0.313 2.389 6.745 8.720
Ours (w/o 2D Training) 0.401 0.515 5.210 12.124
Ours 0.472 0.207 4.801 11.719

Table 6. Motion In-betweening Experiments. The DDPM base-
line is the proposed method without the estimation objective, only
using the standard diffusion objective for training. “w/o Estima-
tion.” is the proposed method without training for the motion esti-
mation task. “w/o 2D Training” is trained without Lgen-2D. Results
are reported using PA-MPJPE/WA-MPJPE.

HumanML3D Motion-X

Models 2-Keyframe 5-Keyframe 2-Keyframe 5-Keyframe

Diffusion-only 71.6/98.8 46.3/70.4 97.6/154.9 56.3/106.9
w/o Estimation 64.9/97.5 47.5/72.6 97.9/151.0 69.6/116.4
w/o 2D Training 56.4/85.1 36.7/59.5 68.3/136.8 44.6/98.6

Ours 53.5/85.3 37.1/58.5 58.8/122.7 40.5/89.5

Table 7. Ablation studies on motion estimation. The DDPM
baseline is the proposed method without the estimation objective,
only using the standard diffusion objective for training. The re-
gression baseline is the proposed method without the generation
objective.

RICH (24) EMDB (24)

Models WA-MPJPE100 W-MPJPE100 WA-MPJPE100 W-MPJPE100

Diffusion-only 88.9 143.9 128.6 307.7
Regression-only 87.0 141.0 121.1 300.1

Ours 81.3 130.6 114.6 281.7

tion through the motion in-betweening task, following the
methodology of prior diffusion-based approaches [60] by
overwriting the noisy motion with the keyframe poses be-
fore each denoising step. Experiments are conducted on
both HumanML3D and Motion-X test sets under two con-
figurations with either 2 or 5 sampled keyframes. As shown
in Table 6, GENMO achieves superior performance through
its unified estimation and generation training compared to
the diffusion-only baseline. Furthermore, the incorporation
of additional 2D-only data and joint training with video-
conditioned motion estimation substantially enhances mo-
tion in-betweening quality.

4.3. Ablation Study
Impact of the Estimation Mode. To assess the efficacy
of our proposed estimation mode, we evaluate a variant of
our method trained exclusively with the generation mode
(“Diffusion-only”). Table 7 presents quantitative compar-
isons of global human motion estimation performance on
the RICH and EMDB datasets, using direct model pre-
dictions without post-processing for static joints. The re-
sults demonstrate that omitting the estimation objective sig-
nificantly degrades global motion estimation performance,
confirming the estimation objective’s crucial role in en-

Table 8. Effect of inference steps on motion generation and esti-
mation performance.

HumanML3D (Gen.) EMDB (Est.)

Models FID W-MPJPE100 MPJPE

Step=1 (Regression) 0.260±.101 280.0 73.0
Step=2 0.242±.083 276.8 72.5
Step=5 0.231±.091 274.9 72.2
Step=10 0.237±.126 275.8 72.3
Step=50 0.216±.119 278.7 72.7

hancing consistency between predicted motions and input
videos. This finding is further corroborated by the motion
in-betweening results in Table 6, which similarly indicate
that the estimation objective improves in-betweening per-
formance.

Impact of the Generation Mode. We compare our uni-
fied model against a pure regression baseline (trained solely
with the estimation mode, akin to SOTA human motion
estimation methods) to evaluate the impact of the genera-
tion objective. Quantitative comparisons on the RICH and
EMDB datasets (Table 7) reveal that our unified model con-
sistently outperforms the regression baseline, suggesting
that incorporating generative priors enhances motion qual-
ity in human motion estimation tasks.

Different Inference Steps. We evaluate the impact of
denoising steps using the standard DDIM [55] inference
pipeline. As shown in Table 8, motion estimation perfor-
mance remains relatively stable across different step counts,
while text-to-motion generation shows greater sensitivity.
Notably, single-step denoising sufficiently produces video-
consistent human motions, with optimal estimation perfor-
mance achieved at 5 inference steps — a balance that effec-
tively leverages generative priors without introducing ex-
cessive variance.

5. Conclusion

In this work, we introduced GENMO, a generalist frame-
work for human motion modeling that bridges the gap be-
tween motion estimation and generation tasks. We showed
that GENMO can effectively leverage shared representa-
tions to enable synergistic benefits: generative priors en-
hance motion estimation robustness under challenging con-
ditions, while diverse video data enriches the generative
capabilities. GENMO can produce variable-length motion
generation in a single pass and supports flexible control us-
ing text, videos, music, 2D keypoints, and 3D keyframes.
GENMO achieved state-of-the-art performance on both mo-
tion estimation and generation benchmarks, while also re-
ducing reliance on 3D motion capture data. Extensive ex-
periments demonstrated that GENMO is not only capable
of handling multiple human motion tasks within a single
framework but also achieves superior results compared to
task-specific models.
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