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Motivation

- Higher dimensions.

- More trainable parameters if use 3D convs.
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=>» Learn an Unsupervised representation by formulating
an Multi-Modal and Multi-task learning problem.

Video Modalities

Multiple Self-
supervised tasks
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=>» Learn an Unsupervised representation by formulating
an Multi-Modal and Multi-task learning problem.

= Loss Function
- Evaluation Metric

Single RGB Network
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Self Supervised Learning for Video Representations:

Temporal structure

Future prediction.

current future

Shuffled Frame Detection
Forward/ Backward Detection
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Self Supervised Learning for Video Representations:

Temporal structure current future

- Future prediction.

« Shuffled Frame Detection

. Forward/ Backward Detection e E e I

Temporally Incorrect order

[1] Ishan Misra, C Lawrence Zitnick, and Martial Hebert. Shuffle and learn: unsupenised learning using temporal order
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Temporally Incorrect order
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Self Supervised Learning for Video Representations: :E
Temporal structure Spatial structure
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- Shuffled Frame Detection - Relative position patches detection
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[2] Mehdi Noroozi and Paolo Favaro. Unsupenised learning of visual representations by solving jigsaw puzzles. In Proceedings
of European Conference on Computer Vision (ECCV), pages 69-84, 2016.
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Self Supervised Learning for Video Representations: :E
Temporal structure Spatial structure
Future prediction. - Tracking patches over time.
- Shuffled Frame Detection - Shuffled image parts
-  Forward/ Backward Detection

[3]

Multi Modal - Multi-Modal Alignment
tasks . Cross Modal Translation

[3] Andrew Owens and Alexei A Efros. Audio-visual scene analysis with self-supenised multisensory features. In Proceedings of
European Conference on Computer Vision (ECCV), 2018..
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Multi-Task Self Supervised Learning:
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Shuffled Flow Detection
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Multi-Task Self Supervised Learning:

Future RGB prediction.
Future Audio prediction.
Shuffled RGB Detection
Shuffled Flow Detection
Audio/RGB Alignment
Flow/ RGB Alignment

====) Representation

' Tasks are assumed to have equal weights
o

=» Learning from multi-modal inputs and automatically
discovering the weights of the tasks

Carl Doersch and Andrew Zisserman. Multi-task selfsupenised visual learning. In Proceedings of the IEEE International 1
Conference on Computer Vision (ICCV), 2017.



Approach:
= Representation learning

= Loss function
= Evolving losses
= Metrics

UNI

FREIBURG



Approach: Overview

Input: unlabeled Video
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Approach: Representation Learning

Modalities
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Approach: Representation Learning
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How to combine the

Information learned in each
modality?
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Approach: Representation Learning

How to combine the

Information learned Iin each

modality?

4 )
=» “infuse” all the information to the RGB
Network
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Approach: Loss function
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Approach: Loss function
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L= MpiLomi+ Y Al
m t d

Distillation Loss ﬁd ) Transfer m—) Infuse
Knowledge

== == La(Li, M;) = [|L;i — M|
@ : EA L ‘H’N"«' M; : Activation of a layer in the main network

Li : Activation of a layer of another network

|
- RGB Audio
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Approach: Loss function

L= MpiLomi+ Y Al
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How to find these weights

without any labeled data?
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Approach: Evolving Loss function
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Approach: Evolving Loss function

L= MpiLomi+ Y Al
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Evolutionary Algorithms
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Approach: Evolving Loss function

L= MpiLomi+ Y Al
m t d

Evolutionary Algorithms
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Approach: Evolving Loss function
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L= MpiLomi+ Y Al
m t d

Evolutionary Algorithms

Evaluate each
network with the
Fitness Criteria

Train the networks

Loss Population of each Loss

~N

J

Mutate the top
performing losses:
Evolution Loss =

Child population

L

[/\m,t Ad in [0, 1ﬂ<—

(" N

=» Tournament Selection

. S

p-
=» CMA-ES: Cov Matrix

L Adaptation
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Approach: Summary ELo

1 — Define population of losses
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2 — learn an unsupervised

representation for each loss

3 — Evaluate how good is the
learned representation of each
loss

4 — Improve the loss generation
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Approach: Evolving Loss function
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L= MpiLomi+ Y Al
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Evolutionary Algorithms

Mutate the top
performing losses:
Evolution Loss=>
Child Population

| : .

=» Tournament Selection
. \ )
[)\m’t A in [0, 1]}_ Fitness ? \ . —
Criteria 2 = CMA-ES: Cov Matrix

L Adaptation

Evaluate each
network with the
Fitness Criteria

Train the networks

Loss Population of each Loss
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Approach: Evaluation Metric
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L= MpiLomi+ Y Al
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Fitness Criterion
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=> Activity recognition

=>» Zipf Distribution
0! NN 3 N
aler) = 4= N
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=4
m—‘I Rank h
log - log figure

https://en.wikipedia.org/wiki/Zipf%27s_law 42



Approach: Evaluation Metric
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=>» Zipf Distribution
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Approach: Evaluation Metric
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Fitness Criterion

[ - FuIIy ] => Activity recognition

Unsupervised )
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Approach: Evaluation Metric

L= MpiLomi+ Y Al
m t d
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Approach: Evaluation Metric
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L= MpiLomi+ Y Al
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Approach: Evaluation Metric
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Approach: Evaluation Metric

L= MpiLomi+ Y Al
m t d

Fitness Criterion
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= Representation learning

= Loss function
= Evolving losses
= Metrics

Experiments and Results
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Experiments and Results

Multi-Task Self Supervised Learning:

Reconstruction tasks for each modality
Future prediction for each modality.
Temporal ordering for each modality.
Cross-modality transfer tasks: Flow to RGB...
Multi-Modal alignment

Multi-Modal contrastive loss

50
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Experiments and Results

Datasets

UNI

Training Dataset Evaluation Dataset

2 Million Random Unlabeled HMDB, UCF101, Imagenet
Youtube Videos and Kinetics.

[ =» Less prune to bias and more general representation 1
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Experiments and Results

Im plementation Details

(2+1)D ResNet 50 backbone
network for each modality

For a loss function, train the
network for 100 epochson 2 M
videos

During search, used smaller networks
(ResNet-18); the fitness of each model
can be found in 4 hours using 8 GPUs

The final model uses 64 GPUs for 3
days

52
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Experiments and Results

Method HMDB UCF101
Supervised

(2+1)D ResNet-50 Scratch 35.2 63.1
(2+1)D ResNet-50 ImageNet 49.8 84.5
(2+1)D ResNet-50 Kinetics 74.3 95.1
Unsupervised

Shuffle [26] 18.1 50.2
O3N [12] 32.5 60.3
OPN [24] 37.5 37.5
Patch [43] - 41.5
Multisensory [29] - 82.1
AVTS [22 61.6 89.0
Weakly guided, HMDB

Evolved Loss (ours) 67.8 94.1
Unsupervised

Evolved Loss (ours, no distiliation) 53.7 84.2
Evolved Loss - ELo (ours) 67.4 03.8

Table 2: Comparisonto SoTA on HMDB51 and UCF101

=>» Importance of distillation

AJ Piergiovanni, Anelia Angelova, Michael S. Ryoo: Ewlving Losses for Unsupenised Video Representation Learning 53
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Experiments and Results

Method HMDB UCF101
Supervised

(2+1)D ResNet-50 Scratch 35.2 63.1
(2+1)D ResNet-50 ImageNet 49.8 84.5
(2+1)D ResNet-50 Kinetics 74.3 95.1
Unsupervised

Shuffle [26] 18.1 50.2
O3N [12] 32.5 60.3
OPN [24] 37.5 37.5
Patch [43] - 41.5
Multisensory [29] - 82.1
AVTS [22 61.6 89.0
Weakly guided, HMDB

Evolved Loss (ours) 67.8 94.1
Unsupervised

Evolved Loss (ours, no distiliation) 53.7 84.2
Evolved Loss - ELo (ours) 67.4 03.8

Table 2: Comparisonto SoTA on HMDB51 and UCF101
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Experiments and Results

Method HMDB UCF101
Supervised

(2+1)D ResNet-50 Scratch 35.2 63.1
(2+1)D ResNet-50 ImageNet 49.8 84.5
(2+1)D ResNet-50 Kinetics 74.3 95.1
Unsupervised

Shuffle [26] 18.1 50.2
O3N [12] 32.5 60.3
OPN [24] 37.5 37.5
Patch [43] - 41.5
Multisensory [29] - 82.1
AVTS [22 61.6 89.0
Weakly guided, HMDB

Evolved Loss (ours) 67.8 94.1
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Evolved Loss (ours, no distiliation) 53.7 84.2
Evolved Loss - ELo (ours) 67.4 03.8

Table 2: Comparisonto SoTA on HMDB51 and UCF101
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Experiments and Results

Method k-means  l-layer fine-tune
Supervised using additional labeled data

Scratch (No Pretraining) 15.7 17.8 35.2
ImageNet Pretrained [32.5 37.8 49.8 |
Kinetics Pretrained 68.8 71.5 74.3
Unsupervised using unlabeled videos

Frame Shuffle [20] 223 24.3 284
Reverse Detection [31] 21.3 24.3 27.5
Audio/RGB Align [29, 27] 324 36.8 40.2
RGB to Flow 315 36.4 39.9
Predicting 4 future frames 31.8 35.8 39.2
Joint Embedding 29.4 32.5 38.4

Ours, weakly-sup clustering, using unlabeled videos
Evolved Loss - ELo-weak 45.7 64.3 67.8

Ours, unsupervised, using unlabeled videos
Random Loss (unsup.) 264 26.9 31.2

Evolved Loss - ELo (unsup.) @ m m

Table 1: Evaluation of various self-supervised methodson
HMDB51

AJ Piergiovanni, Anelia Angelova, Michael S. Ryoo: Ewlving Losses for Unsupenised Video Representation Learning 56
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Experiments and Results

Method k-means  l-layer fine-tune
Supervised using additional labeled data

Scratch (No Pretraining) 15.7 17.8 35.2
ImageNet Pretrained 325 37.8 49.8
Kinetics Pretrained 68.8 71.5 74.3
Unsupervised using unlabeled videos

Frame Shuffle [20] 223 243 28.4
Reverse Detection [31] 21.3 24.3 27.5
Audio/RGB Align [29, 27] 324 36.8 40.2
RGB to Flow 315 36.4 39.9
Predicting 4 future frames 31.8 35.8 39.2
Joint Embedding 29.4 32.5 38.4

Ours, weakly-sup clustering, using unlabeled videos
Evolved Loss - ELo-weak 45.7 64.3 67.8

Ours, unsupervised, using unlabeled videos
Random Loss (unsup.) 264 26.9 31.2
Evolved Loss - ELo (unsup.) 434 64.5 67.4
Table 1: Evaluation of various self-supervised methodson
HMDB51

=>» |mportance of Evolution Loss

AJ Piergiovanni, Anelia Angelova, Michael S. Ryoo: Ewlving Losses for Unsupenised Video Representation Learning 57
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Experiments and Results

L=> > Muilmi+ ) Al
m t d

Frame Flow RGB/Audio Flow/Audid
.1 Shuffle Shuffle Align Align
o
> J_l\ |—|_|7
=
g 04 1 1 1
t 2001 0 200 200 0 200

Evolution Round

RGB to Future Future
Flow RGB Audio

ML Lt U

200 0 200 0 200

Figure 7: The values of the loss function for the various

tasks throughout evolution
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Experiments and Results

7Jo-m == mmm=————s====
60 -
5. 50 -
( . . A
=>»Improving Supervised 3 40-
L Learning ) < 30- e—e Randomly Initialized
20 - @—® Ours (unsupervised)
(B tart with ) , oo AVTS
ecauseyou s a_ with a 10 - e—o Shuffle
L good representation ) - - Supervised Baseline
0~
0 5fl3k 11I2k 16l8k 22I5k
Number of Labeled Training Samples
Number of Labeled Samples
225k
Method 400 2k 4k 8k 20k 40k 80k 120k 160k (all samples)
Random Init | 093 21 28 44 62 125 264 525 643 71.2
Frame Shuffle 1.5 53 124 184 284 325 382 574 663 70.9
Audio Align 25 98 172 281 360 46.0 541 643 695 71.5
ELo (unsupervised) | 3.6 158 24.8 47.0 583 675 69.2 |_702 72.2 74.4

Figure 5 and Table 3: How much Labeled, supervised
data to achieve SoTA

AJ Piergiovanni, Anelia Angelova, Michael S. Ryoo: Ewlving Losses for Unsupenised Video Representation Learning
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Experiments and Results
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Figure 9: Comparison of the fitness measures for 100
differentloss functions

=>Zipf matching is suitable for unsupervised

=>» Strong Correlation ) :
representation evaluation
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Experiments and Results
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Figure 6: Differentamounts of unsupervised data
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Experiments and Results
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70 -
60 Method HMDB UCFI101
Supervised
50 (2+1)D ResNet-50 Scratch 35.2 63.1
> (2+1)D ResNet-50 ImageNet 49.8 84.5
© (2+1)D ResNet-50 Kinetics 74.3 95.1
g 40- Unsupervised
< Shuffle [26] 18.1 50.2
m 30- O3N [12] 325 60.3
2 OPN [24] 375 375
I 20- Patch [43] - 41.5
Multisensory [29] 82.1
e—e Ours AVTS [22 61.6 89.0
10- - - Random Initializeld Baseline .
- = ImageNet-Pretrained Baseline Weakly guided, HMDB
o ) ) Evolved Loss (ours) 67.8 94.1
0- - = Kinetics-Pretrained Baseline
= | | I | Unsupervised
100k 500k im 1.5m 2m Evolved Loss (ours, no distiliation) 53.7 84.2
Number of Unlabeled Samples Evolved Loss - ELo (ours) 67.4 93.8

Figure 6: Differentamounts of unsupervised data
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Conclusion

Formulate an unsupervised video representation as Multi-Modal and
Multi-task learning problem.

Infuse the information to RGB network
loss function evolution
unsupervised fithess

= Powerful video representation.

=>» Match or improve the performance of networks trained on supervised
data
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CMA ES

Offspring not generated by the mutation of
each single individual:

Choose random |: Xi=X+Ai z

But from weighted mean of the current
population

Xi-mean+A z

With z ~ ¥ (0, C) and C is the covariance
matrix
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Z1pf distribution

Generalized Harmoic

number
Hy s — 1/k* Where:
N
X_:l(l/ﬂs)

o

https://medium.com/datadriveninvestor/zipfs-law-breakdown-application-in-app-development-5e 9cda70cdc8

word frequency and rank in Romeo and Juliet
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Figure 9: Comparison of the fithess measures for 100
differentloss functions
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