EchoMotion: Unified Human Video and Motion Generation via Dual-Modality Diffusion Transformer

A r.

Yuxiao Yang'?, Hualian Sheng?, Sijia Cai¢*, Jing Lin3, Jiahao Wang#, Bing Deng?, Junzhe Lu', Haogian Wang' T, Jieping Ye?1

"Tsinghua University 2Alibaba Group 3Nanyang Technological University 4Xi‘an Jiaotong University

*Project Lead TCorresponding Author

Overview L ltl [ | L[] ltl [ || LI Itl | | L[| ltl | '] Discard motion output Eiscard‘ideooutput L | |1| [ ]

Vision uman Motion ' Vision Human Motion Vision uman Motion Vision uman Motion
. l Branch Branch Branch Branch Branch Branch Branch Branch
| n u E . ’ 1 t 1 t 1
Why do state-of-the-art video generation models often fail on complex | roviowpn  EEEE S 22
_ ? E Noisy motion input Noisy video input Noisy motion input Noisy video input congg;gz "(]'\‘; :i‘; Z___ 0) condcivtlz%‘;n (%Zf:e: 0) Noisy motion input
h uman aCt IONS ¢ (a) Motion-Only Pretraining (b) Motion-With-Video Training (¢) Motion-to-Video Training (d) Video-to-Motion Training

Tt Bh I Teainine Ph 1 C Y fit, muscular female athlete is performing a dynamic workout combining squats and cross touches in an indoor space. She is in a standing position,
raining rnase raining rnase - with her hands clasped in front of her chest. Then, she quickly squats to complete one squat movement. Immediately after, she lifts one leg high to

While recent models excel at generating visually stunning scenes, the : _ , . Qs ol v gabich LAl
J J y J y . Motion-Video Two-Stage Training Strategy  EEle d strelohing movement..

frequently struggle to synthesize plausible and coherent human : 2
X y 99 _ y_ _ p o _ : Phase 1: Motion-only Pretraining. The motion branch is trained independently using : /K
movements. The reason lies in their training objective: by focusing solely : motion-only datasets, while the video branch is frozen and deactivated (inputs omitted). : / b
on pixel-level fidelity, these models learn to mimic appearances but failto  : Thjs stage focuses on generating motion sequences. o | - -
grasp the underlying kinematic principles of human articulation. This leads : phage 2: Motion-video Multi-task Training. Subsequently, the model is trained on motion- o Venaeb | BehoMotion(Wan-58) |
to artifacts like floating feet and unnatural limb movements. . video paired datasets with both branches unfrozen and active, enabling the generation of : EchoMotion jointly generates an SMPL motion sequence (left) and video (right),

To overcome this, we introduce EchoMotion, a new framework that both visual and motion sequences. : demonstrating a learned joint distribution:

fundamentally changes the learning paradigm. Instead of treating video as : In-Context Classifier-Free Guidance :
just a sequence of pixe|S, We propose to lo|nt|y model appearance and During Phase 2, we apply a paradigm-specific conditional dropping strategy. (b) For joint
the explicit human motion that drives it. Our core idea is that by . generation, the text condition is randomly dropped. (c) For motion-to-video generation, :
. . . . . : both text and motion conditions are randomly dropped. (d) For video-to-motion :
providing the model with a clear understanding of kinematic laws, we can : | o | | o :
L _ _ : generation, the text condition is always dropped, while the video condition is dropped :
significantly improve the coherence and realism of generated human-

. L . o S randomly. This training strategy enables cross-modal conditional generation tasks by
centric videos. EchoMotion is designed to learn the joint distribution of what  : epjacing the noisy latents with clean conditional latents during inference.

we see (appearance) and how it moves (motion). : Motion to Video Generation
§ The H u Move Dataset § ‘A young Asian woman is dressed in a dark turtleneck knit sweater and loose-fitting trousers, set in a minimalist industrial-style indoor space. The background features a

We a | SO ropose a M Ot ion _VI de O Two_St age Tral nin St r ate an d I n- . . . . o . . textured concrete wall and a large floor-to-ceiling window. The shot is a medium shot, stable and fixed, with Zilack-and-whzte tones maintaining the original high-contrast
p p g g gy § We Constructed HuMOVe, the fII‘St dataset Of ItS klnd, COntaInIng apprOXImately 80,000 § style, and the light and shadow structures remain unchanged, creating a calm yet tense overall atmospherei....'

. video-motion pairs.

|

Context Classifier-Free Guidance. These strategy enables the model to

perform both the joint generation of complex human action videos and their g
corresponding motion sequences, as well as versatile cross-modal , '\ el i o HgRBlr.gta,sklgglr?Cln
.. . 5 === Ali\le‘lics&l-'imcss Tl ampollHGSk
conditional generation tasks. | ‘ ‘ -l R 1ght WQ Sat Q n(g
. BN Dance & Artistic SU eeL Wor kOUL
’ == ?eneml;:c:);ilir:mbmc C Da nc lng Ta X l l ng . 3 -
' E fec & Suow Sl;t)l‘ls I%/\léi&(% E)O I ((jg 1Nng-\ F ron t 111 i-. “A deep-skinned, athletic African female athlete is in the final phase of her run-up for long jump at an outdoor track and field venue. Se is on a deep red rubber frack,
ijb““&o““'"or , R il o Basket ball with light yellow marker blocks visible at the edge of the track. The background features slightly blurred palm trees and shrubs, interspersed with scattered orange
7 ol s O Equest r 1an tropical flowers, and in the distance, there is the silhouette of low gray stands
Video Decoder Human Motion Decoder \;‘9;‘7 < Artist 1(; Rol ler Skat in g
| f 7 ((80.0)[(8.1.0)|(8.2.0) .. ‘ i - — ]
WL AT Motion Expert XN o, ; /' | ) (a) The Distribution of Motion Categories (b) Word Cloud Caption (c) Dataset Visualization
= Cross-Attention & FFN Cross-Attention & FFN Embed i (4.0.0)|(4.1.0)|(4.2.0[.D|(8.2.1)
: T A /" sl BAge el e R ai P . ey . .
Voo = S -2, Coverage: HUMoVe spans a diverse range of human activities, from daily actions and @'
int Self-Attenti 0.0.0)[(0.1.0)[(0.2.0)[-D|4.2.D)|-D|82D)| - : -
JolmE eI Aten Y ek i L . | sports to complex dance performances, ensuring our model learns a robust and
. - < 833 : : : :
MVS}TEPE eopjoLpje2nAle2) _ LLIem -k generalizable representation of human motion.
Value————T—T1—T—T 7T T T T i 1 ’ s (84.4) " .
Key [ m s B J 7 |@s. o 05.5)| . . . . . . . :
ur o - S e e I Tem . s High-Quality Annotations: Each video is accompanied by both a detailed textual : Video to Motion
1 | | e e I CR R0 ol . i . i
< ) (v 3 = 3 i yd a™ . description and a precise SMPL motion sequence, extracted using state-of-the-art : e
;i f i f : \»‘_"f' ‘o e - - - :
73w -t § «r»s"-"%“{oy e T motion capture techniques.
otion i - 4 0\ ((S 5.5) O b E . = = = . . . . .
: Toens L L L ;§ » @g%o“ . High-Fidelity Videos: We meticulously curated high-resolution, clean video clips, free
- - 17 %ﬂ " . ] . . . . e
R e : from major occlusions or distracting backgrounds, providing an ideal training ground for
(a) Dual-Modality DiT (b) Motion-Video Synchronized RoPE

generation models.

Dual-Stream Architecture with Motion Latents {resere .

We first encode raw SMPL motion data into a compact latent representation. These
motion tokens are then concatenated with visual tokens from the video frames at
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