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Goal Our Approach Evaluation

We first estimate tongue landmark positions from speech through an auto-encoder model, and then solve Our method produces realistic tongue animations due to low error inner-mouth pose estimation.
for rig parameters frame by frame to animate a character.

Animate the tongue and jaw from only speech signal to add
realism to facial animations.
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EMA Tongue Motion Dataset

15:40:29:05| We captured the first large scale electromagnetic
~ articulography (EMA) tongue dataset with parasagittal

sensors for animation purposes pose generator  landmark locations representation Tongue motions with more complexity are not Animations produced from our method are
WW modeled as accurately. preferred over a no tongue or mismatched

animation, and confused with the GT.

Speech Jaw & tongue Predicted Parametric Animation
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We placed 5 sensors on the tongue, 2 on the jaw and 3 on the lips. Deep Learning audio representations outperform traditional methods for speech-animation

O
o Simple-RNN based articulation decoders generalize across gender, age, and prosody
o Limited lip animation due to the sparsity of the sensors
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Data avalilable for download at https://salmedina.qgithub.io/tonqgue-anim



