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Modulated NODEs

Key ldea:
does setting apart dynamic states from

underlying static factors of variation improve existing model performance?

123 4567839101

ooooo

ey - . . - .

influence dynamics

length, mass

length of limbs

A
v

color of clothes influence reconstruction color of a ball

v

«

LA Auzina, C. Yildiz, S. Magliacane, M. Bethge and E. Gavves


https://s3.amazonaws.com/media-p.slid.es/videos/2355161/CU5l2Hkc/screen_recording_2023-07-17_at_13.mp4
https://s3.amazonaws.com/media-p.slid.es/videos/2355161/TBw-8EH-/screen_recording_2023-07-17_at_13.mp4
https://s3.amazonaws.com/media-p.slid.es/videos/2355161/GsnrR_qt/screen_recording_2023-07-17_at_13.mp4

Modulated NODEs

Key Idea:
does setting apart dynamic states from

underlying static factors of variation improve existing model performance?
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d~p(d) //dynamics modulator

s ~p(s) //static modulator

z, ~ p(z1) //latent ODFE state
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Modulated NODEs
A general framework

/Dynamics Modulator \

Modulator Prediction . influence dynamics

N
| Network i l

[ S Forward B

- ncoding . . ; ecoding
— —> | Simulat —

[ Network ‘ @ IT(;I;El)on Network

\/ ’ Static Modulator \
L 1 \ ~ N
>
S

|_ Modulalto’r Prediction e . 5 .
. Network ,', influence reconstruction 5 .
o u_atent Space ‘J/ 2
Latent NODE Second Order NODE Latent Second Order NODE Heavy Ball NODE
(Chen et al., 2018) (Norcliffe et al., 2020) (Yildiz et al., 2019) (Xia et al., 2021)

can be applied to most x-NODE

I.A. Auzina, C. Yildiz, S. Magliacane, M. Bethge and E. Gavves



Modulated NODEs

Ageneral framework that improves forecasting and generalization

Sinusoidal Data

Trajectory id: 14 *  Ground Truth

Latent NODE Trajectory id: 10

(Chen et al., 2018)
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Heavy Ball NODE
(Xia et al.,2021)
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Modulated NODEs
A general framework that is easier to train

Sinusoidal Data

ours: Mo-xNODE
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Modulated NODEs

Ageneral framework that disentangles underlying factors
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Table 2. R*2 scores to predict the unknown Factors

of Variation from inferred latents. Higher is better.

NODE || MONODE
Sine 0.90 0.99
PP -1.35 0.39
BB -0.29 0.58
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Modulated NODEs

that improves performance ON real world data

Table 3. Test MSE and standard deviation. Lower is better.

| BOUNCING BALL || ROT.MNIST | MOCAP || MOCAP-SHIFT

61.6(6.2)

NODE || 0.0199(0.001) || 0.039(0.003) | 72.2(12.4) |

MONODE || 0.0164(0.001) || 0.030 (0.001) | 57.7(9.8) |
Md-NODE vs GT (t=0) NODE vs GT (t=0)

MoNODE NODE
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58.0(10.7)



hank you for your attention

All experiments and models publicly available at:
https://github.com/llzeAmandaA/MoNODE
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