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Introduction
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How to generate natural human motion ?

Predictive approaches : Predict x = Fθ(c), with c a textual
embedding.
Solution : E[x | c]. Doomed to generate an unnatural motion.

Generative approaches :
VAEs -> TEMOS, ACTOR
GANs (too difficult to train)
Normalizing flows
Diffusion models (most popular) → MDM, MotionDiffuse,
FLAME, Motion Latent-based Diffusion model (MLD)
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Diffusion Models

Key idea :
Forward process : Gradually noise the sample :
xt =

√
ᾱtx0 +

√
1 − ᾱtϵ, ᾱt =

∏T
s=0 αs , ᾱT ≈ 0

Reverse process : Optimize the network to eliminate the
noise : min

θ
Et∼U([0,T ]),(x0,c)∼pdata [∥G(xt , t, c) − x0∥2]

Inference process : Sample xT ∼ N (0, 1), then
∀t ∈ [1, T − 1], predict x̂0 = G(xt , t, c), and add noise to
obtain xt−1. Repeat until x0 is reached.
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MDM : Motion Diffusion Model

Key idea : Diffusion Model with Transformer-encoder-based
Denoiser
Enables different reconstruction losses :

Lsimple = Ex0∼q(x0|c),t∼[1,T ]
[
∥x0 − G (xt , t, c)∥2

2

]
. Variant

of the variational bound, proposed by Denoising Diffusion
Probabilistic Models.
Lpos = 1

N
∑N

i=1
∥∥FK

(
x i

0
)

− FK
(
x̂ i

0
)∥∥2

2

Lfoot = 1
N−1

∑N−1
i=1

∥∥∥(
FK

(
x̂ i+1

0

)
− FK

(
x̂ i

0
))

· fi
∥∥∥2

2

Lvel = 1
N−1

∑N−1
i=1

∥∥∥(
x i+1

0 − x i
0

)
−

(
x̂ i+1

0 − x̂ i
0

)∥∥∥2

2
FK (.) : function that converts joint rotations to joint positions
fi ∈ {0, 1}J : binary foot contact mask for each frame i
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MDM : Motion Diffusion Model

Figure – Denoiser architecture - Used with a cosine scheduler

Diversity-Fidelity trade-off : by interpolating conditional and
unconditional generation :
Gs (xt , t, c) = G (xt , t, ∅) + s · (G (xt , t, c) − G (xt , t, ∅))
Editing : Motion in-betweening and body-parts re-synthesizing
by overwriting x̂0 at each timestep, as in diffusion image
inpainting.
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Pretrained MDM-SMPL - Evaluation

- Trained on Amass dataset (Archive of Motion Capture As
Surface Shapes)
-Associated labels :

1 kitml : mostly locomotive motions, starts by ‘A person is...
2 humanml3d : more verbose, covers more motions
3 babel : single word description

- Pretrained on humanml3d with 10000 epochs
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Improvement with text augmentation - Baseline

- Train on humanml3d - 100 epochs

-Train on kitml - 100 epochs
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Improvement with text augmentation

-Train on kitml + humanml3d : 100 epochs

-Train on kitml + humanml3d data augmentation : 100 epochs



Diffusion-
Based Human

Motion
Generation

MVA
Mathis

Wauquiez
Félix Fourreau

10/ 13

Improvement with text augmentation

-Train on kitml + humanml3d data augmentation : 500 epochs
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Possible improvements

Use domain losses : MDM-SMPL is not trained using MDM
losses.
Improve the denoiser : StableMoFusion claims significant
improvements by changing the denoiser to a modified Conv1D
UNet (Cond1DUnet). Boost could not be replicated.
Change sampler : Use DPM-Solver++ instead of DDPM
during inference.
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Cond1DUnet

Figure – ConvUNet1D with
attention Figure – Baseline

s

Figure – Comparison between the ConvUNet1D and the baseline.
The baseline is a better denoiser.
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Conclusions

- Struggle with original prompt
Original input - dab movement :
- bending the left arm across the face ## 0.0 ## 5.0 ## left arm
- raising the right arm straight diagonally upward ## 0.0 ## 5.0 ##
right arm
- tilting the head toward the left elbow ## 0.0 ## 5.0 ## head

- standing with a slight bend in the knees ## 0.0 ## 5.0 ## legs

Figure – Visualization of the Dab Movement


