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Deep video models

% Videos: high dimensional data
% Video model:
e Difficult to generalise

e Data-hungry

WAYMO 01




Deep video models design

Generalisation Data efficiency

Expert labelling Real-time constraints



Private & Confidential

Outline

O1 02 03 04

Inductive biases  Task design Operation mode Conclusion
Video architectures Multimodal learning Inference and Training Summary
Self-supervised learning Biological plausibility Future work

Disclaimer: There are many concepts and works in this space. I will cover only a subset of them.



O 'I Architecture
inductive

biases




Want to learn more?

Inductive biases for video modelling I

Battaglia et al. Relational inductive
biases, deep learning, and graph
networks (2018)

Assumptions used by a learner to improve generalisation (Battaglia et al. 2018)
Design choices that constrain the solution space:

- architecture side for data efficiency

- loss function to compensate for lack of labels

- training procedure for real-time operation




Inductive biases on the architecture side

Assumptions used by a learner to improve generalisation (Battaglia et al. 2018)

A video Is a sequence of images - use spatial inductive biases

Proboscis
monkey M

African
hunting

dog

Siamese
cat

Locality and spatial invariance Hierarchical structure




Inductive biases on the architecture side

Assumptions used by a learner to improve generalisation (Battaglia et al. 2018)
A video Is a sequence of Images - use spatial inductive biases

ConvNets incorporate well such biases

Network depth
Receptive field size
Feature abstraction

Local filters and weights sharing Hierarchical processing @




Frame-by-frame video model

layers

@ Image model trained on isolated
video frames

O Test time: run image model on
consecutive frames

@ Cannot integrate temporal
Information, no motion features

@ Cannot exploit temporal
redundancy to improve efficiency

time @




Frame-by-frame video model

Cityscapes

-
1

Improving Semantic Segmentation via Video Propagation and Label Relaxation, Zhu et al, 2019


https://nv-adlr.github.io/publication/2018-Segmentation

Performance (% correcrt)

Importance of motion
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Temporal inductive biases

layers

@ Temporal locality & temporal
Invariance

@ Use RNNs: Markov assumption and
parameters shared over time

O On top of a conv image encoder
with spatial inductive biases

D No hierarchical processing in time

O



3D convolutional models: better temporal inductive biases
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Video as a volume
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3D convolutional models: better temporal inductive biases
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9 3D convolutions are
non-causal
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Multi-resolution models

T
C i -
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Low frame rate HW =
T =
2
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C =
—
al
aTl
pC he
. aTl Figure from SlowFast Networks for Video Recognition, Feichtenhofer et al, 2019
High frame rate BC
13D - Quo Vadis, Action Recognition? A New Model and the Kinetics Dataset, Carreira and Zisserman, 2018 b"
SlowFast Networks for Video Recognition, Feichtenhofer et al, 2019

TSM: Temporal Shift Module for Efficient Video Understanding, Lin et al, 2018



Towards bias-free models

Inductive biases help generalisation Vision Transformer (ViT) vs. ResNet

and data efficiency.

~J
-

But If we don't care about data
efficiency, biases may hurt
performance.

S

N
-

Inductive bilases reduce the
generality of the models.

o -ViT-L/16 -+ViT-B/32 -=ResNet50x1 (BiT)
- ViT-L/32 =+ ViT-b/32 -=ResNetl32x2 (B1T)

Linear 5-shot ImageNet Topl [%]

'_

v T —
10M 30M 100 M 300 M
Number of JFT pre-training samples @

Figure from An image is worth 16x16 words, Dosovitskiy et al. (2021)



Vision Transformers — Self-attention models

Attention

Vision Transformer (ViT)

A
ir MLP Attention(Q, K, V') = softmax( )V
Ball T Y%
Cf;r Head U MLP

Transformer Encoder
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Figures from An image is worth 16x16 words, Dosovitskiy et al, 2021



Video Transformers — ViT extended in time
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Figure from Is Space-Time Attention All You Need for Video Understanding? Bertasius et al, 2021



PerceiverlO — A general architecture for structured inputs & outputs
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Figure from PerceiverlO - A General Architecture for Structured Inputs and Outputs, Jaegle et al (2021)



Summary

e Spatial and temporal inductive biases in convolutional feedforward and
recurrent models help generalisation in lower data regime, but may hurt
performance In large data regime

e Jowards models free of inductive biases:
- Improved performance In large data regime
- great for multimodal processing

- promising to tackle data in domains where we don't have good inductive
biases




O 2 Task design




Challenges in video supervised learning

Labels are expensive Agreement: definition? granularity?




Want to learn more?

Learning landscape L

Zador. A critique of pure learning and
what artificial neural networks can
learn from animal brains (2019)

Dataset {x;,x,,...,Xx,}

Pl‘Oxy taSk {(Xla Zl)a (xza Zz)a sy (xna Zl’l)}

Labels generated automatically Supervised
learning

Learn mapping g 2 = g, (x)

Transfer learning from g

Reinforcement
learning

Unsupervised

learning




Multimodal sensing of the environment




Self-supervised learning for pre-training

Vision+Language Vision+Audio
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Time

' Broad View : Narrow View

Broaden your views for

self-supervised video

learning
Recasens et al, ICCV2021




1-3 seconds, High Res

BraVe

Narrow view I,

1
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Broad views
5-10 seconds, Low Res

X é : visual modality
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BraVe training loss

Global loss ﬁ(:l?) — Ln—’b(m) + Lb—m(w)

Narrow—Broad  Broad— Narrow

VA, :
Narrow to Broad Loss Ln—>b l| ”h > ” - Sg[“z H ]
n 2 6112 1112
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BraVe results

- When using the same backbone and dataset, our model significantly beats the
state-of-the-art.

UCF101  HMDBS51 K600 [ESC-50 AS

Method Backbone (#params) Dataset Years M Linear FT Linear FT Linear| Linear MLP
AVTS [45] MC3 (11.7M) AS 1 VA 89.0 61.6 80.6
ELo [67] R(2+1)D-50 (46.9M) YT8M 13 VFA 93.8 645 674
AVID [58] R(2+1)D-50 (46.9M) AS 1 VA 91.5 64.7 89.2
GDT [64] R(2+1)D-18 (33.3M) AS 1 VA 92.5 66.1 88.5
MMV [3] R(2+1)D-18 (33.3M) AS 1 VA 839 915 60.0 70.1 555 | 85.6 29.7
XDC [4] R(2+1)D-18 (33.3M) AS 1 VA 93.0 63.7 - 84.8
XDC [4] R(2+1)D-18 (33.3M) IG65M 21 VA 95.5 68.9 '\;35.4
BraVe:V<>A (ours) R(2+1)D-18 (33.3M) AS 1 VA 899 941 648 71.1 63.6 g 90.4 34.7
BraVe:V<«>A (ours) TSM-50 (23.5M) AS 1 VA 930 948 694 726 70.1 | 90.5 344
BraVe:V<>FA (ours) TSM-50 (23.5M) AS 1 VFA 93.1 954 700 74.6 69.3 | 90.1 345
BraVe:V<<>FA (ours) R(2+1)D-50 (46.9M) AS 1 VFA 925 951 683 73.6 694 | 91.6 345
BraVe:V<>FA (ours) TSM-NF-FO (71.5M) AS 1 VFA 941 958 714 73.1 72.6 | 90.2 345
BraVe:V<FA (ours) TSM-50x2 (93.9M) AS 1 VFA 93.1 957 70.5 778 714 | 91.1 348
Supervised [11, 44, 67, 87] 96.8 715 759 824 | 947 439




O 3 Operation
mode




Efficiency challenges in video processing

ldeal model Existing models (deep nets)

e Accurate e Accurate (to some extent)

e Low latency, high throughput™ e High latency, low throughput
(during training and inference) (at inference)

e Memory efficient e |Large memory requirements

e Energy efficient g; e Energy hungry ’

*During training, throughput can be improved by using distributed training with many parallel resources and
33 large batches.

O
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Latency & throughput

Video from Davis201/ dataset @ 25fps

Same video @ 5fps
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Attempts to improve them

Boost efficiency of image models Improve efficiency of video models
e Model compression / binarisation e Temporal multi-scale models
Chen et al., Courbarieux et al. 13D, SlowFast, TSN
e Distillation e 2D temporal models
Hinton et al. TSM, R(2d+1)
e Lighter convolutional modules e Reuse of features (warping)
MobileNet, Xception Zhu et al.
e Budget methods e Variable update rates
Karayev et al., Mathe et al. Shelhamer et al.

All models are executed sequentially over depth




Inductive biases for the operation mode

e T[raining: backpropagation - general purpose algorithm

e Sequential processing along depth and time (for causal models)

e Using domain knowledge about videos, what inductive biases can be used?
e \ideos are temporal sequences, not isolated frames

e | ocal smoothness of videos over time




Is sequential mode optimal?

NUMBERS NEUROSCIENCE

Why Is the Human Brain So Efficients

How masszzze pamllelzsm lzﬁs the bmm S pe;formance above that of AI

BY LIQUN LUO

37



Is sequential mode optimal?

General-purpose processors
use pipelined instructions
enabling parallel processing.

Maximise throughput
Efficient use of hw resources

38

Waiting
instructions

Stage 1: Fetch
Stage 2: Decode

Stage 3: Execute

Pipeline

o
®
&
3
4
28

Completed
instructions

Clock cycle
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Figure from https://en.wikipedia.org/wiki/Instruction_pipelining



https://en.wikipedia.org/wiki/Instruction_pipelining
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Our proposed algorithm: Sideways

CENTRAL EUROPE MIDDLE EAST SCANDINAVIA AFRICA UK ITALY SPAIN MORE

[) MUST READ: Tech workers are frustrated and thinking about quitting. Here's how to persuade them to stay

Google DeepMind’s ‘Sideways’ takes a page
from computer architecture

To get greater efficiency, Google DeepMind's researchers did what chip designers have long done, built a pipeline so
that the learning rule for machine learning -- backpropagation -- is more efficient.



A. Depth-parallel inference




Sequential (frame-by-frame) model

Q Idle block

41

Network depth

prediction yt 1 prediction yt2

CO0T@®@O000 @

Massively parallel video networks, Carreira, Patraucean, et al., ECCV2018 COmpUtation t|me



Pipelined model

Q Idle block

High throughput

Same latency

Network depth

42 Massively parallel video networks, Carreira, Patraucean, et al., ECCV2018 CO m pUtatiOn t| me



Pipelined model

O Idle block

Network depth

43

Massively parallel video networks, Carreira, Patraucean, et al., ECCV2018

Computation time

Difficult task

Low (custom)
latency




Any existing model can be pipelined

gpVt

Xo

-Reé

o’

DenselNet

H;

X3

Densely connected convolutional neural networks, Huang et al., CVPR2017

Inception

Concatenation

IXBHS
Conv

3X3X3
Conv

pabe
Conv

Tx1x1
Conv

e
Conv

Quo Vadis, action recognition? Carreira and Zisserman, CVPR2017

Massively parallel video networks, Carreira, Patraucean, et al., ECCV2018
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GPU utilisation
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Massively parallel video networks, Carreira, Patraucean, et al., ECCV2018
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Human keypoint localisation

14 . . )
0.55 Paralle[ Subp e Irain-Seq-Test-Par
€ts

® Train-Par-Test-Par

® Train-Par-Test-Par
Distilled

Test loss (lower is better)

0.15

Level of parallelism

Massively parallel video networks, Carreira, Patraucean, et al., ECCV2018
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Fair(er) asynchronous evaluation

lowards streaming image understanding, L1 et al, ECCV2020

Observations

Object detector: offline precision 38.0, streaming average precision 20.3

Figure from Towards streaming image understanding, L1 et al, ECCV2020

Evaluation:
Latest Prediction ;.
VS

Ground Truth State y;



B. Depth-parallel training




Sequential (frame-by-frame) model

prediction ytl

Network depth

Computation time



Sequential (frame-by-frame) model

Network depth

Computation time



Sequential (frame-by-frame) model

yidap IomieN

Computation time



Pipelined backpropagation: no blocking

GPipe: Easy Scaling with Micro-Batch Pipeline Parallelism, Yanping et al, 2019

Fo Bo Update
Device 3 F. ~ B, Fs B, Update
f * F0 Tlme BO Update

Device 2 . — B

} } (b)

Device 1 F1 = B1 Fso | F31| F32 | Fs3| Bas Bs.2 Bs.1 Bso Update
T i Foo | F21 | F22 | F23 B3 B2 B2, B2o Update

Device 0 F, - B,
Fio| F11 | Fi2 | F13 Bis | Bi2 | Bi1 | Bip Update
\ / Foo | Fo1 | Fo2 | Fos £ Bubble } Bos | Bo2z | Bo1 | Boo | Update

Gradients

Pipelined training of image classifiers by buffering activations

O

Figure from GPipe: Easy Scaling with Micro-Batch Pipeline Parallelism, Yanping et al, 2019
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Videos are temporally smooth: do we need buffering?

Sample consecutive frames extracted from the video
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Sideways vs. Backprop

Depth

OCOOO0O

Sideways

Time

Depth

Backpropagation

t1

X

Sideways: Depth-parallel training of video models, Malinowski, Swirszcz, Carreira, Patraucean, CVPR2020 Time



55

Sideways vs. Backprop

Sideways

Backpropagation

Sideways: Depth-parallel training of video models, Malinowski, Swirszcz, Carreira, Patraucean, CVPR2020

Vi-lL - Jo,Hi(hiZiH, 6))

AV';;IL ’ %i_lHi(h§:{+1, 91)

V. L JoHi(hL1,0))
V;II‘L : g%i_]Hi(hg—l’ 91)

Time
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Mathematical correctness of gradients vs. speed

. w:=w—aVL
o
& ®
n Sideways?
®
Stochastic
Gradient
Descent
®
Gradient
Descent

Correctness

Sideways: Depth-parallel training of video models, Malinowski, Swirszcz, Carreira, Patraucean, CVPR2020
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Sideways vs. Backprop

50% Backprop Sideways

40%

20%

Top-1accuracy of VGG8 on UCF101 (training from scratch)

Sideways: Depth-parallel training of video models, Malinowski, Swirszcz, Carreira, Patraucean, CVPR2020
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Skip-Sideways: 2D temporal model

Depth

Computation Time Computation Time

Sideways SKip-Sideways

Gradient forward propagation for large-scale temporal video modelling, Malinowski et al, CVPR2021
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SKip-Sideways vs. Temporal shift modules (TSM)

A =
A Q O Q Temporal shift modules
A ot—1 l Th; ',’
Thito 0 ?yt ? yt+1 ?yN
: Cached in : :
41 O Memory
| ®
- hf: % "',,' N \\\ ' g‘ see
' Vi
> 0 O %D
>
t—1 ¢ t+1 Time TSM: Temporal Shift Module for Efficient Video Understanding

Lin et al, 2019

Gradient forward propagation for large-scale temporal video modelling, Malinowski et al, CVPR2021
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SKkip-Sideways: 2D temporal model

Accuracy

70

60

50

40

30

20

I Sideways (CVPR'20) | Skip-Sideywas (ours)

HMDB51 UCF101 Kinetics600

Gradient forward propagation for large-scale temporal video modelling, Malinowski et al, CVPR2021



(SKkip-)Sideways vs. GPipe vs. Backprop

: Requires

Correct
gradients

any chain rule yes yes
pipelining of :
any operations partial yes
temporally pipelining and
(Skip-)Sideways smooth smoothness of no no

seqguences Inputs

o1

yes

yes

approximate
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Biological (im)plausibility of backprop

a) BP b) FA c) DFA d) IFA
y (OO O] m ' '
W B.
o
h (OO O] (OO0 0)
W' B
" l YW, l 1
h [ O00)] (©0O0O0)
W1 W1
x (000] [(0O0O0)

Figure from Direct Feedback Alignment Provides Learning in Deep Neural Networks, Nokland, 2016



Sideways: more biologically plausible

BP: iInstantaneous computation O O O.."\C‘D\O O O
(blocking) 828 8 O O 8 8
BPTT: sends gradients back in time —— g 8 8 8 8 8 O O
RTRL: sends gradients forward, but

computationally intractable

Sideways: sends approximate
gradients forward

Sideways
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O 4 Conclusion




Summary

e Inductive biases in video modelling
e Architecture side
e Training objective
e Training algorithm

e Improve generalisation, data efficiency, and latency for real-time operation



Future work

Towards embodied perception

Active
perception

Self-supervised
multimodal
learning

Self-supervised
Interaction and
intervention

learning

Rough model of the | > Grounding across senses | > Causal perceptual
visual observations (common-sense) model of the world



Future work

Embodied perception - Towards learning in the wild (CORL2021)

.




Future work

Generalised perception — going beyond human senses

Genomics

Quantum physics

NH temperature anomaly (°C from 1881-1980)
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Thank you!
Questions?

Viorica Patraucean, viorica@google.com
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