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Two—-\ag\rer Neural Neltwork
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Deep meuvval mehwark
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Decp Neuvral Network (Feed-forward Neuval NeWK—FNN)

[nput Hidden Hdden Hidden thdden Output
\a‘je\" layer lase-r \agev* layer

\ag er
11— f?)v)
; EE 2

Mothematical

reFreser\ka’n'ov\
oq— NN




Vectorizahon over &a\-aPo'm\s

— Dur(ha \“(Otin(ﬂ%, he mneuvral nelwork wodel s vsed Yo ccmPu'l-e the
v N N
odicted t input  pownts o
P’(‘ cte ouk?u ‘Qﬂ'\’ sevevral npu poin %\?_(_ }(—_\

N

Chaﬂge of notabion - ({Yﬁ), ?SCD}:\ <= { Yi s 5(}

1=1

XuPersc-r\'Fk (l) — will dencte \ager It

— The Q-—laﬂe'(‘ nevral network

N\
V\ - & ( V=\[_(D X 4+ b Cl?)
qx\ q:\ D W2

(o\umn
vec\sy 9 \/____\_f_(n'> h + _\9_(2-)
1% 1xq 9%\ 1 %1

N~

Transpose




Veclorizahon over data Po'm\s
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Neural Networks &v Classification
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o By oPF'Iy(na logistic (or ST%mofo\> Ponction to the output of linear 'n%ressfan

in cse 4 binary c\ossidicahon

° For wulti-class  classilicabion (OD'IH’\ Y e i\) 2, -, M{ c\asses) , we vsed the

softmax gxmch'ov\- e "
A e™
SoF{—mooc < i} = " '
> ed |

=\ Ty

<

—  The SOFfmax ‘{Zur\c\‘\'m viow becomes an additonal achvahon @uﬂc;ho'n , ac‘h'na on

the final \agev o@ Fhe mneural network WO G--(\_/_\/(u)5 N _\D_m>

)
h = c“(\é/(‘-“) h(t--l) . bcl_-|)>

W(L) h

—

(L"‘) + b (L}

By
[

3 = seftmax (=)
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