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008 Learned to do DL the hard

Jaybefore it was cool !

201-2 Switched fields to

lproto .) Data Science

Both hotshots in

Deep Learning now !
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Context
plus What B Data science ?



What is Data Science?
_

• Statistics = Data Science ? ( Wu
,

19977

NO !
• The sexiest job of the 21 *

century
? ttrsr)

NO !



Weide

•

Extracting value (knowledge ,

ggQYg%¥,§"5"#
insight

,

etc. ) from data
.

•

Interdisciplinary

• Breadth of expertise I depth of expertise



Balteriesirdudedpythoupackages

DlteusorflontfTtvryython
*

many useful tools included Leg Reinforcement learning)
+ extremely flexible

+ great does

+1 by Google
"

* GPU acceleration

- relatively slow

•

Replaces than
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2) K¥7

4-
great for vision

,
not included for much else

+ Model Zoo wlp retrained models
- poor documentation & support



Balteriesmdudedp#pags

-3)

Itorchlpytorcht
dynamic computational graphs Lvariable input)

+ fast

- more work 1 sleeper learning carve

- not python but has an API



Balteriesmdudedpy_thp.ae (others)

4) Herat

5) |MxNe#

6) |DL4#

⇒
Lasagnes
) •  •  •



Benefits of buidihy from scratch
.

•
depth of knowledge

• situation - specific modificationsa.
Contribute to FOSS projects



Deep learning from scratch :

In theory



🤖

top : shallow learning

-| ( Rosenblatt 1957 )

Perception
-

⇒
linear binary classifier classily fix)={I if w•x+b > 0

0 else

t.IE#n:faxor*f.ef.e.tEEYEEeHtEEEEI" "

* CMinsky & Paper 1969)





Deeplearnihyanlxampk Choodkllowirseugioolourville #

HrahiyDatI
IMODTEI

tempted.it#.fYb*EwiIxIbayrlSolutiTt
Cit's convex ! )

w=[§]
b=Os ftx ;Q=O.S for ally

THIS Is BAD !
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was .fi:] based
wH=Ez] y⇒=O
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wax 's
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if "=max{qwex+bn}
t"=max{Qw"

' Xtsa

'3=fggjli
f. =waf'  ' ' the

f
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¥9;)#was .fi:] based
wH=['d y⇒=O



What's special about deep networks?

X

fttwaxtb
" ' MaX( 0,f " )

1 0 2- 0 1 - 0

itg ' ' ifon →otouo
.

'

o i £
÷ ,

Non-linear 'ties !



Non-linear transfer functions

. allow deep networks to approximate any function

• Convex optimization → non convex

t.ie
,

k¥



CHadiehtDesunt_ (Cauchy 1847 )

ftp.#toraFxateFEhs5a*,



Gradientdescent

tentwrt X ; txisavector )

¥**ny
. Tffix )

%*• ¥n*
,

÷

#fix -7 direction t Magnitude of

Steepest descent

Update :

X '=X -

ET×f⇐
learning rate



Gradient Descent Moredata→moreprobbm=

Batch full set of training data
, X={xo,x , ,

.
. .Xn}

JH)=E*4X
, Y.at#E*ux,y.ot

Fta # E. VILLX
, ya

0=0 - EVIJHJ

Time complexity : 0 (1×1)



Stochastiebvadientlsesceutminibatoh
: some subset of the training data

BCX

g= 'M # E. Ltx
, y.tt E- a -

eg

Time complexity :O ( ,) we ×
big caveat)

• depends on complexity of model
,

not 1×1



Computational graphs and forward
propagation

@
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Thechainrukytgtx
,

z= flglx) ) 1X]→ # → 1y]→ # → D-

adjust x in order to descend along z

# = ddityddtx ( scalars ) Txz=fFx)tIyz ( vectors )
^

1-
Jacobian

,
like a gradient between Matrices
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operations Lrelu ,o,t ,

. )

2) variables LW
,
b) things to be updated

3) placeholders ( x ,y )

ltensorf

Innes a Consumed
E.→N@ →

consumed












