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* Problem Statement: To learn a visual representation function (f,) from unlabeled video data

-




Directly Supervised Representation Learning Self-Supervised Representation Learning

e Labeled Data:{X, Y} e Unlabeled Data: {X}

— Proxy learning task: {X , Y }

f

X— Y




Unlabeled Data Points: Intrinsic Correspondences
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Audio-Visual Predictive Coding
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Exploiting temporal and crossmodal correspondences jointly
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Audio-Visual Permutative Predictive Coding

Intramodal Predictive

Coding Tasks
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Crossmodal Predictive
Coding Tasks
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Permutative predictive coding sub-tasks (Input »Target)

One-to-One (#12 tasks) | One-to-Two (#12 tasks)

t:t, thr1 it Vp> Vf Vp > (VEAS)

Ap>Vp Ve >(Vp-Ap)
Ap > Af Ap> (VEAf)
Vo Ve

Split audio-visual

sequences: to ..
A, A [Vp VEAp Af) Vi~Vp Vi ~(Ap,Af)
il " Two-to-One (#12 tasks) | Two-to-Two (#6 tasks)
M*“W”W ’ﬂm"*“ (Vp.Ap)> Vf (Vp.VD) > (Ap.Ap)
t: : (Ap,Af) > Vp (Ap,Af) = (Vp,Vo)
. o . (Vf,Af) *(Vp,Ap)

(VEAf) >Vp (Ap, VD) > (Vp,Af)
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Permutative predictive coding sub-tasks (Input >Target)

One-to-One (#12 tasks)

One-to-Two (#12 tasks)

Vp>Vf Vp > (V£Af)
Ap>Vp Vt >(Vp,Ap)
Ap > Af Ap> (VEAS)
VE>Vp Vit >(Ap,Af)
Two-to-One (#12 tasks) | Two-to-Two (#6 tasks)
(Vp.Ap)> VI (Vp,Vf) = (Ap.Af)
(Ap,Af) » Vp (Ap,Af) » (Vp,Vo)
(Ap,Vf) > Af (Vp.Ap) > (VEAS)
SR (VEAS) >(Vp,Ap)
Ce (VpAp > (Ap,Vy)
(VEAD) =Vp (Ap,VD) = (Vp.Af)
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Future visual features

Past audio features

Future audio features
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Prediction Inputs
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Linear Decoder Array

Predicted features
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Prediction Inputs
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Prediction Inputs

:,' {Ek}— | — SRR
Permutative ;" Egv; Eg,,; %) a %&
Input-Target | ¢
Pair ; { k}
G ti /
enera lon :’ wl W2 W3 LI B I ) Wk_l Wk
Q\ /’ L] '
e 06 o
byt tn+1=tm
s Past visual features (===

memems Past audio features
——= Future audio features CNN RNN Linear Decoder Array Predicted features

== Future visual features W @ Wi | Waleeeeens Wil | Wy :_—::—:r—:--:-.
: fealaad




v

11

o
{|||| iy

tit, [

Permutative
Input-Target
Pair

. ;
Generation !
‘

[e

AW

(X

é o] “.

Prediction Inputs
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Linear Decoder Array

Predicted features
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Contrastive Learning: InfoNCE Loss

(Noise Contrastive Estimation)
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where B is a mini batch of N samples,
e with | positive sample and N-1 negative

samples



Summary of Self-Supervised Learning Stage
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Audio-visual
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Visual Encoder
(2D ResNet-34)

Audio Encoder
(1D ResNet-18)



Downstream Evaluation Task: Lip-Reading

Word Task: Predict the word uttered in a video
ClaSSLiglgjtiOH Dataset: LRW with 500-word class labels
Metric: Word Classification Rate (WCR)
Visual Encodet Evaluation Protocol: Measure WCR
(2D ResNet-34) A. before finetuning the visual encoder
B. after finetuning the visual encoder
Temporal Model A. using the entire train data and

(GRU/Temporal Conv) B. using small amounts of train data.



Performance of Different Proxy Tasks on the Lip-
Reading Task (Word Classification Rates)

AV Synchronization 50.70 (74.17) 55.26 (76.92)
Time-Arrow 52.42 (75.80) 59.88 (78.206)

AV Correspondence 56.22 (74.23) 61.90 (77.90)

Vis. Permutative Pred. Coding 60.77 (77.95) 67.62 (81.706)

AudVis. Permutative Pred. Coding 76.47 (80.44) 80.30 (83.16)

(ours)



Data-Efficiency Evaluation
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- With 1% of train data (10
instances per word class),

* Our method: 38% WCR

* Fully-supervised: 11% WCR

)
o

VSR Word Classification Rate
N
o

[EY
©

o

1 2 5 10 50

Percentage of Training Data



Take-home |dea

A potential approach to unsupervised representation learning:

Leveraging rich intrinsic data-point correspondences
- temporal and cross-modal semantic correlations -

as natural supervision signals in the self-supervised setting.
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