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— SW DEV PROCESS
Write code, compile, test,
debug, repeat...

Write initial code
Manually improve
s Compiler

via Clement Farabet






Source code » Data

Compiler » Deep Learning

Executable » Predictor

via Clement Farabet



— DL-BASED SW PROCESS

run/debug, mine new data

Collect initial data

-

Automatically refine
data, collect new
data

via Clement Farabet



ey A pa =

i

)
|

MPPEPRRT
43 e

J
\.\._ /1] !

A
|

‘\.\f il
1 \_.,,

tAASARSES RIS

AR

ve¥

ired.com

via wire



https://www.wired.com/2012/10/ff-inside-google-data-center/
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Mcdium

Andrej Karpatny
Cireclor of Al alTesla. Previously Resesrch Scentisl 2L OpenAl znd PhD studer L al Stanford, | like

to train d2ep neurz nets on large datasets.
Nev 17, 2017 - & min read

Software 2.0

[ sometimes see people refer to neural networks as just “another tool in your
machine learning tolbox". They have some pros and cons, they worlchere or
there, and somelimes you can use them (o win Kaggle competitions.
Unfortunately, this interpretation completely misses the forest for the trees.
Neural networks are not just another classifier, they represent the beginning
of a fundamental shift in how we write software. They are Software 2.0.

‘The “classical stack” of Software 1.0 is what we're all familiar with—it is
wrilten in languages such as Python, C+ + | ete. It consists ol explicit
nstructions o the computer written by a programmer. By writing each line of
code, the programmer is identifying a specific point in program space with

some desirable behavior.

NOVEMEBER 13, 2017
By Pete Warden

in UNCATEGORIZED
22 COMMENTS

Deep Learning is Eating Software
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Optimization vs. Learning




Optimization in Machine Learning

Parameter search: Model search:
Knobs inside the boxes - Typically fixed architecture
100M - 1B parameters + 10-100" hyperparameters

Core of ML - Traditionally a human task

GooglLeNet (circa 2014)






capacity

As time goes by, we get more data and
more flops/s. The capacity of ML
models should grow accordingly.

time

data

flop/s

inspired by MarcAurelio Ranzato



2015: A MILESTONE YEAR
IN COMPUTER SCIENCE

IMAGENET
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via NVIDIA



Saturation?
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é(;::cl:lﬁigrlai/ce?lieland * Design to Search / G Taylor Euge”io Culurciello’s blog:

https://culurciello.github.io/tech/2016/06/04/nets.html



https://culurciello.github.io/tech/2016/06/04/nets.html

Learning architectures
B —

. Romanticized In deep learning, architecture engineering is

notion Of DL - end Of the new feature engineering
feature engineering

June 11, 2016

Two of the most important aspects of machine learning models are feature extraction
and feature engineering. Those features are what supply relevant information to the
machne learning models.

- Feature engineering
has decreased

Representing the word overfitting using various feature representatiors:

% Morphological = [(prefix, over-), (root, fit), (suffix=imperfect tense, -ing)]

® Unigrams =['0','Vv', 'e', 'r, 'f, "i', 't, 't", "I, 'n", 'g"

% Bigrams = ['oV/, ‘ve',"'er’, 'rf’, fi', 'it’, 'tt’, 'ti", 'in’, 'ng']

o A rc h i te Ct ures h ave % Trigrams = [ove', 'ver', 'erf, 'rfi’, 'fit', ‘itt’, 'tti", tin", 'ing]

% One-hot=[0,0,0,0,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0, 0]

% Word vector = [-0.2€, 0.34, 0.48, -0.06, 0.16, 0.11,0.13, -0.15, 0.47, -0.49, 0.07,-0.39,

become more s 01 006,000
complex

If the features are few or irrelevant, your model may have a hard time making any
useful predictions. If there are too many features, your model will be slow and likely
overfit.

Humans don't necessarily know what feature representation are best for a given task.
10 July 2018/ 24

Canada-France-Iceland - Design to Search / G Taylor Even if they do, relying on feature engineering means that a human is always in the loop.

This is a far crv from the future we might want. where vou can thraw anv dataset at a

http://smerity.com/articles/2016/architectures_are the new_feature_engineering.html



http://smerity.com/articles/2016/architectures_are_the_new_feature_engineering.html

Example: Learning Multimodal
Fusion for Gesture Recognition

| e
audio stream ‘ | \

|
U )

)

s @\ &

fight hand: e i left hand:
video stream ,I J video stream
© - ;

right hand: N left hand:
depth stream oy depth stream

O
O .
° articulated pose

10 July 2018/ Neverova, Wolf, Taylor (2016)
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Early vs. late fusion

Early Fusion

Fuse modalities at input
(or preprocessed feature) level

-----------------------------------------------

Late Fusion

Fuse modalities at output level




A multi-scale architecture

video moddrop

step s=4 _/ ConvNN — }usion
mocap . .
\ 4\ de?@ﬁgtor > DNN —— —— (see nextslide for detail)
audio

audio = descriptor

video moddrop

step s=3 / ConyNN —  fusion
mocap pose \I ONN framewise
\ descriptor / late fusion
audio B

audio = descriptor

video moddrop

step s=2 / ConvNN —~ fusion
mocap nose \I NN
\ descriptor /
— audio
time audio © descriptor
sampled dynamic pose

Operates at 3 temporal scales
corresponding to dynamic poses of 3 different durations



Single-scale deep architecture

max pooling ConvD2
Pach V| HLVI
an v / HLV2
depth video, J
right hand AN
N
ConvDl b

Path VI: L
intensity video, vd shared hidden layer
right hand \ HLS
ConvC| ConvC2 ConvD2 \
Path V2: a HLVI
depth video, I} ﬁ\ d
left hand N

ConvDI

Path V2: g =
| thV2 _——— J
Intensity video, HLV2
left hand
ConvCl

ConvC2 HLM?2 HLM3
v

Path M:
mocap stream /'

e HLMI —
pose feature

extractor \

Path A:
audio stream / \
. HLAI HLA2

mel frequency — ConvAl

/ output layer

N\

N\
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Neverova, Wolf, Taylor (2016)



Error evolution during iterative
training
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Learning Fusion Architectures (1)

Three typical fusion architectures achievable by Modout, with
corresponding weight masks:

Modality 1 Modality 2 Modality 3 Modality 1 Modality 2 Modality 3

Modality 1 Modality 2 Modality 3

Independent Fused Fully-connected

Li, Neverova, Wolf, Taylor (2017)




Learning Fusion Architectures (2)
OUT |

A

FC

*
FC

Applying Bayesian
Optimization to Search

FC
Space Over Graphs %
FC
C
C

)
F

]
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Ramachandram, Lisicki, Shields, Amer, Taylor (2018)




Learning Fusion Operators for VQA

q
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Duke, Taylor (2018)
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Bayesian Optimization
of Archimedes Screw Turbine

Design parameters: Optimized for power output / mass of steel

+ D, inner cylinder diameter
+ D, outer cylinder diameter
+ h working head

- N number of flights

.+ 8 tilt angle of the screw

- A pitch

» fmaxmaximum fill of the bucket

@ Energy.

Lisicki, Lubitz, Taylor (2016)




— PyBO El Matern3 - PyBO UCB Matern5 — Spearmint El Matern5 — Grid Search
---  PyBO EI Matern5 PyBO Thompson Matern5 ---  Random Search

Objective [x 107 6]
W

B

N

50

100

150
Function evaluation

300

Lisicki, Lubitz, Taylor (2016)



Meta-learning: Architec

Recurrent neural network (RNN) controller outputs architecture as string

Number‘ Filter Filter Stride Stride Number Filter
. |of Filters|[, | Height [+ | Width [ | Height [+ | Width [\ |of Filters|. | Height [

-

‘.? '; '? '? ‘? '? ‘? )"
“‘\ '4 “‘ '4 “‘\ I'4 “‘\ I'4 “\ A “‘\ l'4 “‘\ 0'4 “‘\ l4
Layer N-1 Layer N Layer N+1
RNN controller trained with reinforcement learning
Sample architecture A
with probability p
Trains a child network
The controller (RNN) with architecture
A to get accuracy R

{ J

Compute gradient of p and
scale it by R to update
the controller

via Zoph and Le (2017)



Discovered CNN Architecture

Error rate on CIFAR Softmax
Model Depth Parameters | Error rate (%) 1
FH: 7 FW: 5 N: 48
Network in Network (Lin et al., 2013) - - 8.81
All-CNN (Springenberg et al., 2014) - - 7.25 ___
Deeply Supervised Net (Lee et al., 2015) - - 7.97 FHa 7P S T8
Highway Network (Srivastava et al., 2015) - - 7.72
Scalable Bayesian Optimization (Snoek et al., 2015) - - 6.37 FH: 7 FW: 5 N: 48
FractalNet (Larsson et al., 2016) 21 38.6M 5.22
with Dropout/Drop-path 21 38.6M 4.60 FH:TFW:TN: 48
ResNet (He et al., 2016a) | 110 1.7M | 6.61 —
FH: 5 FW: 7 N: 36
ResNet (reported by Huang et al. (2016c¢)) \ 110 1.7M \ 6.41
ResNet with Stochastic Depth (Huang et al., 2016¢) 110 1.7M 5.23 FH: 7FW: 7N: 3¢
1202 10.2M 491
Wide ResNet (Zagoruyko & Komodakis, 2016) 16 11.0M 4.81 praTEW: 1N 32
28 36.5M 4.17
H: 7 FW: 3 N:
ResNet (pre-activation) (He et al., 2016b) 164 1.7M 5.46 Ay
1001 10.2M 4.62
DenseNet (L = 40, k = 12) Huang et al. (2016a) 40 1.0OM 5.24 FH: 7FW: 7. 48
DenseNet(L = 100, k = 12) Huang et al. (2016a) 100 7.0M 4.10
DenseNet (L = 100, k = 24) Huang et al. (2016a) 100 27.2M 3.74 FH:7 FW: 7 N: 48
DenseNet-BC (L = 100, £ = 40) Huang et al. (2016b) 190 25.6M 3.46
Neural Architecture Search v1 no stride or pooling 15 4.2M 5.50 FH:3 FW: 7N: 48
Neural Architecture Search v2 predicting strides 20 2.5M 6.01
Neural Architecture Search v3 max pooling 39 7.1M 4.47 FH: 5 FW: 5 N: 36
Neural Architecture Search v3 max pooling + more filters 39 37.4M 3.65
FH: 3 FW: 3 N: 36

FH: 3 FW: 3 N: 48

FH: 3 FW: 3 N: 36

)

Image

via Zoph and Le (2017)



Learns RNN Cells

Writing RNN cells as strings

T Add | ReLU | Sig |
Y Y * | moid |+

A Fr T T
i

= e L TP L 1. 1.%f1

Add | |RewU | | 1

Index 0 Index 1 > > > > > > > > Y
/ \ / \ Y U VK LA S S o RS SR o
h h €«————— <« >» < » <€ ; < ,
t-1 Xt t-1 Xt " Tree Index 0 Tree Index 1 Tree Index 2 Cell Inject Cell Indices
LSTM cell Found cell (no max or sin)
h C
h, Cy hy Cy t t

elem_mult . .
- identity

elem_mult

elem mul
elem_mult -

tanh identity

sigmoid elem_mult  tann

10 July 2018/
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via Zoph and Le (2017)
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*

ZN

Identity

Identity

00 00 60 © 00 @

Domain-specific language (DSL) for optimizers

RMSProp

/

ZN

Identity

Sqrt

Adam

/

ZN

Identity

Sqrt

/
tmpl

\
/\ ‘
\

Meta-learning: Optimizer Design

Adam

/

N

Sqrt

Identity

\
\

Identity

Identity

° 3 3 \ — /
RNN controller outputs optimizer as string
1st 2nd Unary Unary Binary 1st 2nd
Softmax operand [' | operand ops ops M ops operand [ | operand |
\ \ \ \ \ \ \
r o o vt ot 1 1
i | | | | | | 1
Hidden > > > > > > >
state
| | | | | | |
R T O R S R S I
| \ | | | | 1
Embedding ‘ ! ! ‘ ‘ ‘ b
| A \ A \ A | A | A \ A | A
\ / \ / \ / \ / \ / \ / \ /
<start> ' ' ' ' ' ' N
- ~ ~ “ ~ ~ N\
< 1st group > < 2nd group ——

via Zoph and Le (2017)



via medium.com



via NVIDIA



Evaluation?
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Inception Score?

1S =6.45

(Higher is better)

10 July 2018/ 43
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Im, Ma, Taylor, Branson (2018)
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