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Lecture 15: Multimodal learning



• Project proposal due after spring break 

• Midterm course evaluation due tomorrow
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(McGurk & McDonald 1976)8



Same audio, different video!

(McGurk & McDonald 1976)9



(McGurk & McDonald 1976)10
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Virginia de Sa. Learning Classification with Unlabeled Data. NIPS 1994.

Multisensory self-supervision
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One modality Another modality

X1

X̂2

Source: Isola, Freeman, Torralba13

Multisensory self-supervision
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Self-supervision
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Self-supervision

• Multimodal data 

• Learning algorithms  

• Multimodal representations
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Rough
Hard

Soft
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Learning about physical interactions

Silent video
Predicted soundtrack

A. Owens, P. Isola, J. McDermott, A. Torralba, E. H. Adelson,  
W. T. Freeman. Visually Indicated Sounds. CVPR 2016.
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The Greatest Hits Dataset: Volume 1
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Audio features

Onset
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0.0

• 40 bandpass filters (+ high/low pass)

Filters tuned to different frequencies

Frequency

Can we predict physical properties from sound?



Can we predict physical properties from sound?

Cloth
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Linear classifier

“Wood”
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Can we predict physical properties from sound?

• 46% class-averaged accuracy (chance = 6%)

• Common audio confusions:

• {cloth, paper}, {dirt, grass}, {rock, tile}
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Predicting visually indicated sounds

Audio features

Images

Neural network
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~s3~s1 ~s2

Predicting visually indicated sounds
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Sound database
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Predicting visually indicated sounds
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Predicted sound
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x

Predicted sound
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Predicted sound
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Failure case
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Audio space

Translating between modalities
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Translating between modalities

Audio nearest neighbors have similar material properties
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Active vs. passive perception

A. Owens, J. Wu, J. H. McDermott, A. Torralba, W. T. Freeman. 
Ambient Sound Provides Supervision for Visual Learning. ECCV 2016.
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Active vs. passive perception

A. Owens, J. Wu, J. H. McDermott, A. Torralba, W. T. Freeman. 
Ambient Sound Provides Supervision for Visual Learning. ECCV 2016.
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Filters tuned to different frequencies

Frequency

Predicting ambient sound
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Predicting ambient sound

Moments
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Predicting ambient sound

Moments
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Correlations

Corr(Xf ,Xk)
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Predicting ambient sound

Sound texture 
(McDermott & Simoncelli 2011)

Convolutional 
network

Video frame

Moments

( ),
Correlations
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Video frame Convolutional 
network

Predicting ambient sound

p(S | I)
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K-means partitioning
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Common causes

Visual  
model

Audio is invariant to visual transformations

Audio space

Image space
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Audio is invariant to visual transformations

Audio space

Image space
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Water
Water

WaterWater

Beach

BeachBridge

Audio is invariant to visual transformations

Audio space

Image space
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Sound cluster

What did the model learn?

Class activation map (Zhou 2016)

p(S |
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Audio space
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What did the model learn?

0
0
1
0

1
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Strongest responses in dataset 

Unit #90 of 256

What did the model learn?

Visualization method from (Zhou 2015)
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What did the model learn?
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What did the model learn?

Linear 
Classifier

“Person”
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What did the model learn?

Sound 
Prediction

49%
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Object recognition in VOC’07 

Random 
 Weights

23%

47%

Context 
(Doersch et al. 2015)
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Learning a multimodal representation
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Convolution

Convolution

Convolution

Convolution

Convolution

Convolution

Single-modality representations

Vision Hearing

A. Owens, A. A. Efros. Audio-Visual Scene Analysis with 
Self-Supervised Multisensory Features. ECCV 2018.55



Idea: train a model to find audio-
visual correspondences in video.
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How do we get ground-truth 
correspondences?
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( , , )( , )( ,
real or fake?

Learning audio-visual correspondences

( ,
Related work: L3-net (Arandjelović & Zisserman 2017), AVTS (Korbar et al. 2018) 
Noise-contrastive estimation (Gutmann & Hyvarinen 2010)
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fake

( , )( , “moo”

real or fake?

Learning audio-visual correspondences

Related work: L3-net (Arandjelović & Zisserman 2017), AVTS (Korbar et al. 2018) 
Noise-contrastive estimation (Gutmann & Hyvarinen 2010)
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Idea #1: random pairs

(Arandjelović & Zisserman 2017)
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Idea #1: random pairs

Too easy! Doesn’t require motion analysis.
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Idea #2: time-shifted pairs

( ( , , )
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Idea #2: time-shifted pairs
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Idea #2: time-shifted pairs

LoudnessMotion

Time
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Aligned vs. misaligned

Learning an audio-visual representation

1D Convolution

3D Convolution

3D Convolution

3D Convolution
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Random initialization

No sound

78%

Self-supervised initialization

Random

79%

Action recognition

I3D+Kinetics

94%
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What did the model learn?

Aligned vs. misaligned

Aligned vs. misalignedpθ(y |
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Visualization method from (Zhou 2016)67
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Dribbling basketball
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Dribbling basketball
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Dribbling basketball
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Playing organ
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Playing organ
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Playing organ
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Chopping wood
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Chopping wood
76



Chopping wood
77



Application: on/off-screen source separation

Good 
morning! Guten 

Morgen!
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Cocktail party problem

= +
Sound mixture On-screen Off-screen

ba c

Underdetermined!
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Cocktail party problem

,

= +
Sound mixture On-screen Off-screen

ba c

bp( )
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• Independent component analysis (ICA) requires 
multiple microphones

• Generative models (Roweis 2001) are hard to learn
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Cocktail party problem

• Independent component analysis (ICA) requires 
multiple microphones

,

= +
Sound mixture On-screen Off-screen

ba c

• Generative models (Roweis 2001) are hard to learn

• Discriminative prediction (Hershey 2016, …)

b, c | ap( )
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<latexit sha1_base64="DmjpD15VEUUlfhqizHAp1yK63iY=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRahXsquFfRY9OKxgv2AdinZNNuGJtklyQplqT/BiwdFvPqHvPlvzLZ70NYHA4/3ZpiZF8ScaeO6305hbX1jc6u4XdrZ3ds/KB8etXWUKEJbJOKR6gZYU84kbRlmOO3GimIRcNoJJreZ33mkSrNIPphpTH2BR5KFjGCTSXH16XxQrrg1dw60SrycVCBHc1D+6g8jkggqDeFY657nxsZPsTKMcDor9RNNY0wmeER7lkosqPbT+a0zdGaVIQojZUsaNFd/T6RYaD0Vge0U2Iz1speJ/3m9xITXfspknBgqyWJRmHBkIpQ9joZMUWL41BJMFLO3IjLGChNj4ynZELzll1dJ+6Lm1Wvu/WWlcZPHUYQTOIUqeHAFDbiDJrSAwBie4RXeHOG8OO/Ox6K14OQzx/AHzucPhW2N4w==</latexit>
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On-screen Off-screen

+

Synthetic mixture

Learning from synthetic sound mixtures
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Regression
On-screen

Off-screenSynthetic mixture

Related work: audio-only separation (Hershey 2016)

Learning from synthetic sound mixtures
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Regression
On-screen

Off-screenSynthetic mixture

Audio separation: e.g. (Hershey 2016) 

Concurrent audio-visual work: (Gao 2018, Afouras 2018, Gabbay 2018)

Learning from synthetic sound mixtures
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Regression

Multisensory features

STFT

Time

F
re

q
u
e
n
c
y

On/off-screen source separation

+

On-screen Off-screen
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Treat like a  
2D image

concat u-net 
(Ronneberger 2015)

On/off-screen source separation

+

Time

F
re

q
u
e
n
c
y

On-screen Off-screen

Just like visual u-net 
in pix2pix
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concat

Inverse STFT

On/off-screen source separation
On-screen Off-screen

+

Time

F
re

q
u
e
n
c
y

u-net 
(Ronneberger 2015)
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The cocktail party problem
Source: Torralba, Isola, Freeman



Input video
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On-screen prediction
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Off-screen prediction
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Input video
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On-screen prediction
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On-screen prediction
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Lip reading

[Chung et al., “Lip reading sentences in the wild”, 2017]

Face crops

Audio features
Text
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Discovering musical instruments

[Zhao et al., “The Sound of Pixels”, 2018]
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Musical instrument separation

Tuba

Violin
5.5kHz

6s

Time

F
re

q
u
e
n
c
y

[Zhao et al., “The Sound of Pixels”, 2018]



http://sound-of-pixels.csail.mit.edu/ [Zhao et al., “The Sound of Pixels”, 2018]



[Zhao et al., “The Sound of Pixels”, 2018]



[Zhao et al., “The Sound of Pixels”, 2018]



http://sound-of-pixels.csail.mit.edu/
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http://sound-of-pixels.csail.mit.edu/
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Predicting sight from sound
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Pose

Audio

Predicting gestures

U-net

113



Pose

Audio

Predicting gestures

(100, 130)

(215, 145)

(110, 300)

(250, 320)

(400, 360)

U-net
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Audio input Synthesized video
using Chan et al., 2018

Predicted gestures
Face is ground truth

Synthesizing a video

Ground truth face
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Face is synthesized from ground truth.

Synthetic video
Ground 

truth

Predicted
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Face is synthesized from ground truth.

Synthetic video
Ground 

truth

Predicted
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Other modalities
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Weak supervision from text

119

#brownbear 

[Mahajan et al. Exploring the Limits of Weakly Supervised Pretraining, 2018]
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Simple touch sensors

Biotac sensor

Measurements: e.g. force, vibration, temperature
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Converting touch to vision

GelSight [Johnson et al. 2009]122

Deform the gel, see the deformation in the camera!



Converting touch to vision

123 GelSight [Johnson et al. 2009]
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Grasping with vision and touch

 Left finger  Right finger

GelSight (Johnson 2009, Li 2013)

(R. Calandra, A. Owens, D. Jayaraman, J. Lin, W. Yuan, J. Malik, E. Adelson, S. Levine. RA-L 2018)

(R. Calandra, A. Owens, M. Upadhyaya, J. Lin, W. Yuan, E. Adelson, S. Levine. CoRL 2018)125



Grasping with vision and touch

  Left finger Right finger

(R. Calandra, A. Owens, D. Jayaraman, J. Lin, W. Yuan, J. Malik, E. Adelson, S. Levine. RA-L 2018)

(R. Calandra, A. Owens, M. Upadhyaya, J. Lin, W. Yuan, E. Adelson, S. Levine. CoRL 2018)126



  Left finger Right finger

(R. Calandra, A. Owens, D. Jayaraman, J. Lin, W. Yuan, J. Malik, E. Adelson, S. Levine. RA-L 2018)

(R. Calandra, A. Owens, M. Upadhyaya, J. Lin, W. Yuan, E. Adelson, S. Levine. CoRL 2018)

Grasping with vision and touch
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Summary

1. Multimodal models: different modalities provide complementary information


2. Self-supervision: One sensory signal can provide a learning signal to another 

3. Same methods, different signals: Can reduce “non-visual” problems into 

problems that can be solved with neural nets designed for vision


