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For the glory of God
Geling Sharted,
T handy-witkon vote provides a Siwple example o understond, Hhe procese of Hhe Backpropagution algorHm .
+ The example eviurts +he bllowmg utti - Lager Poephion (IALP) medel shuchne.
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+ Pecumption velated, o fnput - ok wagping f O, e) = (2.3) 5 Inpd

5 =1 5 Achal oudpdt olforene (Ackal - Pediched, )
1\
 Tn Hhe Subsequent ceckons , we wiil Y, Hhe best ueig pavameters i a way Hak aw enek T wivimiZed)

s whee 5 vepesents  predicted ualie

Ly Hee, we wil use the (e Nuclon as aw ackuaton, Luekon

* To adhieve +he qoal (re., Niding werdk poramelers ), el Tplement the Jiowing sleps 5
- STEP ). Tndlize weighd paameters
- STEP 2. Perfbrm Powared, propagedion
- STEP3 - Caladdte 4t eror humber of Aedions
- STEP4 . Conduek bockpiopsgeton €9 | enor < 107¢
- STEPS . Tlemte Hhe Sleps (STEp2 ~ STEP4 ) W) 7 meske a seet - defiuad, evilavion.

STEP |. Iniha\tZation
 The algorvihm dypatly sloke by firkiaizng w et of Yondomy Generated, weigich proweters
* Keep t wimd Hak wral2doun with Zero Valies s vok Yemmended, a5 hidden wirke beame el .

* InHits example , lef ue Suppose Hid we e WergH— paameters Shown i Hhe Table below.

Weight

Parameter Value
wy 0.11
w, o2+ 0.12
Wy 942 0.2)
wy 0.08
Wy 0.14
We 0.15

STEP2. Forward, Popogation

- We wlh See how Hhe proass of Forusdy propagakion s perthrwed, , especially D the Dk Horbion.
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= W+ XaWs 5 Inpdhs are wuthipiied, by Hhe mitaitzed, werghks

hy =
= (axon)+(3x%x0.2l)

0.85 5 This veaut e posseds Rrward: o Hhe vext loger (e oubpe lojer )

u

© In @ Siwtlor way > When i comes +o lva . we have ;

Wa = HiWa + HaWa

(2x%0.12) + (3%0-08)

u

= 0.48
* Thus, mtems P J, we hawe ;

= s + ha Wo

L2

(0-85 X 0-14) + (0.48 X 0.15)

=09

- In Summaws] , Hnasgh Hhe pross o Fowusrd, propogatiow, We hawe Hhe Dollmm’nj veuls 5

Forward
propagation

STEP 3. Evor caladation
- The J-\ollow'l'nj Squaved, evor Pudion 7 gevealé/ useds 4o aaladate aw enor behweew +he achual outpd

ands the piedicted, one :
Y ‘epesents the predicted, Ualie
5 Vel 4o the adhued valve

M:%ﬁ(?a-‘y)l 5 where f

=

* Tor Hie exowple . we wil +hen have 5 and pop don 0441 e pie
T
Bror = —_:-— (o-19-1) A)He-l-hm"—‘-hfs s an epor w‘llev#e?‘s”@fﬁr Fleretion .

STEP 4. Back propagakion
- The Bockprepogation. algoreHhm allows us +o updle weighh poowelers T & way Hhot an evor e wiirzed.

 Pavtadadly - He Gradert Descent algorcth 7 wzed; o wivwizimg an eror Runchion
© We wiil ece how the process of Back propagation, i onducted, . especiatly De he Prct Heron.
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° . o1l @ 0.14
ev»@ i Nete +hat Hhe acdual yalve & Yol 4o 1.
A 0.15

0
0.08 (ws)

 Suppose +hat we woud, ITke 4o update +he weigld praweler (we).
- Thew. wie ave gong 4o leteiage the Gradiewt Dezrent algorehm o ackne Fhe olectie (., updetiig We )

Wenew = We,od - ol Jﬁ:‘khm ; where & lepesents & Ienmmg yde (or o Shep cize )
6

- Here, let us ake o daep dlrie o Hhe Herm d Ever Jine /dlg moe specrﬂ’m/ﬂ;
4 The deyiatiie aP the enor ko, with Yespeck +o W

5 icing +he Chai yule , e have

JEbor JEm\—ﬁm ) J Predichion ; whoe Predhon = 3

dwg el Jwe
J (L (predichion - ackal)*) ( Oy + Xalg )W + (X1W1+X;W4)wg)
= X
J Prediction d Wy
) [—Q‘-;’_(PPEJ:TCI:I—OW‘MMj- 4 ( Predzekiow, - ackal ) ) [ J (Ot Xt g ) . CTRCANN)
3 P‘eo(TC,'TDVb d Wy c)Wg

~—

Thie & Sewemﬁ ke [ -53 (goo)j‘ = -P‘ (g(x)) 9'e) s Chain yle

U}

( predicon - ackul ) -1 % [ 0+ (s + sewa) ]

(P\eJ.Tcth —acM ) h/;._ » whee hy = 2w+ Ha Wy

= Aha  ; whee A = predidion - ackuad

u

- To sum up, we have

We od - daha  CHae, lebs say Hhad e smowly gess Jhe leawiig vafe = o.05 )

W¢ , new
= 015 - 0-05-(0.19-1)-0-4%
2 0.17

- In o Siwtlar way » »egmiruﬂ Wz, we have ;

We,new = We, old — o &Iy

0-14 -o0.05 (0-19-1) - 0.5

2 0.17

+ Unitke updating W and We » wahee«i/-lopaﬂa“ewmw-luup&lﬁﬂ Wi, Wa, Ws, ond, Wa a5 they exich behoeon fapek and, Iildew loferc .
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-+ Unitke Updating W and, We » we heeds 4o paja}-lewjrﬁw% uPJaleﬂ Wi, Wa, Wa, ondy Wa a5 Hhey exich Lehoon, pek and, Iriddew loferc .
-+ Assume Hhud we me iherested, m upduding +he weigloh potameler (1)
- Likewise, We wil leteioge +he Gradient Dezent algoretim 4o updede Wy i a. way Hhek +he enor- Dwchon @ niwwized,.

J Brer Puc

d W,

Winew = W, olds - 0(

- lebs doke @ look o +he component J Bver P / J W01 mb*eﬂra‘-h‘aléf;

;)Em\-ﬁmc _ J Ever Due , ‘ dh 5 Uiy the Chain Yule
J W b Jw
i (P\lech-M-MM)l Howy +)a Wz )
) d(3 ) . o : d ( m i whee pedtion () = g + hawi
\ |

J ( Predickion - aclual )
d Pedickon

= [ Cpekcton-adl ). ] tusrod - (uvod

= ( predicion - ackal ) - Ws - X1
= A Wg

-ToSumuP,wehaue;

Wi, new = Wi, oid - D{Awg,oul/)(l

0.l - 005 (0.9-1)-0-14 -2

u

0.2

- In o Stlar way , We have ;

W=, new Wa, olds - o A We,oid X
Wa>new = Wa, OIA) —JAWS.MJ;){:.
W4) new = W4> 0'4} _JAW‘,O\J;X,Q.

Old Weight New Weight

Parameter palte Parameter paite
Wi old 0.11 Wi new 0.12
Wa o1d o2 012wy, 823 0.13
W3 014 12 0.2) W3 new o413 0.23
Wy o1d 0.08 Wi new 0.10
Ws o1d 0.14 Ws new 0.17
We old 0.15 We new 0.17

STEP §. Thaadions Ukl (onvergence
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+ Bosicatly » Hhe algovithm Ferades he cleps (240 4> Ukl # meeks 2 coniergence Oilerion
© Play with +he Jluawﬁ«j domo & yow ave inteeced, :

Note thet Pie 75 not the sgwueal, evor
o Jush e dillerence '\

https://hmkcode.com/netflow/

STEP 1. Weight initialization STEP 2. Forward propagation STEP 3. Calculating an error
o o (-] & @ & l
® © ® -
(-] o (-] o (-] &
STEP 4. Backpropagation STEP 5. Iterations until convergence
° . ° Q N iterations ‘ @
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