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9&7 \fideo', What s a neural network

. (PW\"rW\‘lj 4’036‘“:10" o neurn| ng-l-wuk ) fecgnize \n,mo’ writen d:a:is-

“The Plain Vanilla neural nehork is he tulblayer perceptron

° A neuron is ¢ *ng '\Ln‘}' holds o number ))e:l'\»uv. O and 1.

b tumber  is called e ackvation

L f newron s ”\.‘i' Wo“ wher activation is h:bh.

. \u)c \v\au/e [} r)%‘x')% 3”‘, of p-'uls ‘9»- owr imaﬂ.vs,
"’E«d« gixel is a newron.
l" So e \\ave Eg s Neurons in Our irst \‘“&5"'
e The last lewser will hae 10 newrams (one Br each digit ©-a).

l’T\.\g activations in Nese Weurons rafusmls how mudh the System Hunks Head & gven image

Corresponds fo o gwen digit.

. -T‘M.N ore also Fhe l’hhlk"“ |u\3ers in between.

“Hidden laye




« Rchivations i ome ltuﬂer impact  We achivations of neuwns in te nest layer.

\IDM"A— CXPGO'} \q\aeps ?
L m“-‘/ﬂ’l— e newws i the second do lust ]“‘0"" exch represent o Subpuek of « digit.
ly e, the Joop of e hp of A and ¥

b or the \onges* werticel line ia Y.

e EQU\A 03nne0+i04 ‘l‘\rom Néwon in O”es"‘i' llu,er '1'0 Neuron in next \‘"aer has ue:ald‘.

L’ We sum Veght, ackivetion, for eack mewron i@ in the (Present )luaer o determme He achwiion of- one of

'Pu newrons jn ‘HM next lmacf.

\, activation = W, & +... + Wno,

\-’ Thes  weeighied sum cowld be timy. hunber

L So We use 4 Sif,mo-'() function o map e lne:g\de) sum €Tk §» an achvation € [o.7])
L You Can also add a biws inh the w“"'wl Sum “D alfect whew e newron I/l'.?l'k “fu

by : Magle you omly Lkt Fhe neuon b ”“3“ up" If Leighte sum is Jages Wun 10

* Note ! sigrho:f) i5 knd of owtdated + modern ne bk usa\]?eLlA} Yo serve Phe

Sume Purpese 2ince F 1> easier v Fron

Rectified linear unit

ReLU(a) = max(0,a)

Same as f(a) =a

Inactive
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\-a Se d:a‘erm:n:n) ackvation of o newom in next laye. -

)q.. (‘w O+ gty #... u,,a..j-f-&p

Sigmeid weighied sum bias

b TVU equaha-\ i5 Mmoe  conmonly. Seew &S e Fu\lawnjf
LPOraum'te_ all achwdions ;, d”‘""* lager inh o column vector.
b Orgunize all Weishts betueen ]lmaers i & metrix

L
euch rov Coﬂ'csPaJx 4, Connechions b&hween prr.sen'J' latae,/ and & yw{—ic“la"‘ newron

m the vext Jayer.

L ft ol buses into o colunn vecthor
N ob Fum ‘Mne ‘pvl!aw.‘na;

Sigmoid
!

(0)

S(1) — (O]
ag =0 wopo ay’ + wo aj’ + ---

* S0 O mewrow s ore accucately & Fanction Moot Johes in P owhputs of ol
'HM Newrons Jq  the previous lmae/‘ ond sfn's out- a number betveen O and 1.

S “*nW’ (24 " mu;s as
0 \you Cus Himt oF our metwork as & Lunction Yoot tubes in ?svl\""l"‘" and spds ot 10 Aouhuk,

L’ T+ has 13,009 purametes (ue:ghb and biases)
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—

Note. Soame example s ahove (r‘ecaén:zzvﬁ hondwr: Hen c).-bzlﬂ

* Fiest snikaline all W&a’@H‘J ond bigses randomely, .
k> Get resulds (10 activations i $ina) lagen)

L, Compute  “cost"
ls é (% - ‘; is owkput uctvation —u is desited activatron
J

> Suniming e Syuared differeuce of all 10 owtpet newwns

L>'|“4'\s ¥ Phe Tcost” of « 4.‘an¢ ‘l‘/‘m‘m‘nj exum,’e~

L swmall when mode! s confident

L, \W wheuw mok! s ungure
L comsider oversge cost across all druining examples

\9 We cost Lunction s in all weights  an) biases as input 0nd  outputs 1 runber

whidh is e cos-l—'—ne_ fa.mml-ers are M Ne -I'ra;n:nj ex“.pl,es.

b We wunf $o Mminimi2e cost function

L go Wwe use gm)iew\- deg_e‘,t
L Al@oc:ﬂm - amd.‘enl' descent .

4. lompute VC  uhere Cis e ost Punckan

, a.K.&- ‘PM} -Mse_ Mminimum

Q. Tuke Small g+¢r in =VC  direction

3. Regpeat

L Each component of  Hhe 3rudien‘l' vectsr tells us Q Hungs '

LP -nne Si&v\ s ws wheter '\‘\.f_ @r/-c;,”,j:vfj conpanod of He inpu% vector s\loulJ
LC !)thg) or AOV”
b The velatove Papnitude of Hhe Components tell you whih anomges mater more.

L " Some weights  Simply  matier morve '



- [Lemember yyou deally  vount Pe slobo.l minimum of the cost function but
in_prachice this is very O:Ffcult!
b Grudient descent only. ganpunbees you vl Find o pinioum, Rat minmgm could
be local or 6101)«'-
b F'-V\anj o local mimimum is Muck more likely

L Lw rectice. these local minimams wock vemy well.

"L e netverk | He nehuork can reopize digits but has NO idea how to
oraw Pem. (Halking about MLP here)
b Ths o be explamed by e tminmy set o5 well
b The network Honks Creyliny is a  digih

L o ;f You pusSS in random 5,-,-0 ,H— will ghil give ou‘l’yu‘f'.

& Video B&ck@(‘oyobmﬁl?h, intuitively,

‘@M is the alopmthm b Octermiaine by« Single ‘\’min:vw example would ke b
nudhe the weights and Bigses,

L Not just Lot Should 40 wp or dowm , but whet relubie proportiops b Hhose hanses couses W,
Mest rq',,) Jeu‘m b e osst.

- Kemember M, Compenents of our 3mds‘en1‘ veetor Jells us -H»:njsf
L M Maynitude of each component tells us how sensitive We st function is b each
weight an/ bius.
b TF one Conponent s value 3.0 and omother hes value O-10
b then changing Phe weight /bias Coresponding 1o e conponent with vulie 320
hos 32 Fines grewter O ference on cosk funchion Yhen Changing Pe veight/bies

asseciated with 6.10
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* In &d‘em.‘vﬁ e actvabon for e« specific Neurom  memewber how we
do ¢ (Luiw +L§ .
L The weights  associated i We conmectons  betiveen the hb"‘bm’”’lu Neumns
in the  provipus \""‘96" and W, Spucific Mwos pe are  Considermg i Fhe

Owcswl' layer ‘w.ve Mhore ;r_uta& on e cost Ruckon

\b M“M{ a Specl'ﬁ‘c néuron 10-"‘8 You have 3 o,‘)-:an;-‘
1. Alter b

2. Lncrease wy ia fropecton with a;

3. uan% a; i popockon H0 1

.T\‘"‘ \?GM Sum 'Ht resuls  of what-ere method You P,-(,k ‘G'M above with e reselis

of all e oher connections.

AR RE R EN 0/,
tHl+ i+l 1@
t+t+i+t+t+10
t+i+i+1+1+10

* Nou celursively  agply the Sume poess P all lagers.



- Y emembe- Pt 1 omly how oue +ru:n;\,j example impucts weishts om) bigses.

* Yau AO Pe Sume frocess -pr)r ety ot~ ‘i'ru.‘n;n_:) example avu) record ~Pw_ c)nanées 'Hw.l,,
wint  fo muhe to Al yeghls o biases.

1 You P aemme all Pe resubs.

“This \a:Seltg. Speahing Gies o e neqatie eadient- of He cost fuction needod

‘gr jm,).‘eﬂ’ descewl‘

’T\\:s S Conpuakionally  expensive | se Shdhastic gﬂi‘f&:" cescent is  used insteud
L) (‘«.m)omlt,_ shudtle Yyour 'h'uinl‘nj d‘dﬁ

L dvide i+ b & lob of min - bedches.
L' 'ch \aeu com‘udg a "S'}‘eph ku-n’;ﬂj 'b e m;ni—);q,-l-d,.
b '“101 \aau wse a di“ercu'}' Mini -lvh‘l‘tt\ + c.om,yuft 'HK next S‘\"Cf

L Pus looks the the  “dounken man’s walk do the Mimimum "



