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Introduction

» Al has been used in various fields in recent years
L}The core technology in Al is Neural Network(NN)

» In NN, training Is a very important factor

8 5
» Training in NN : An unconstrained optimization problem to minimize the error Tunction
E (w) with regard to the weight vector w

min E£(w).
Jaip, E(w) (1)
w:Weight vector, E(w):Error function

» NN training typically uses an algorithm based on error back propagation (BP), which is a

gradient method ( Gradient Descent (GD) )
» The error function E(w) in BP:

1
E(w) = |Tr|; E,(w). (2)

|T,.|:#. Data samples, p:#.Sample’s pattern



Introduction

» 2 types of training exist in BP: Batch and Mini-batch training

@ Batch training:

» Advantages : Training with high accuracy
Improved method

r> Disadvantages : Training of large-data is difficult

@ Stochastic training ( Mini-batch training ):
» Advantages: Large-data can be trained

» Stochastic training with BP:
Stochastic Gradient Descent (SGD)

» The error function E, (w) in SGD:
1
Ep(w) = i Z Ep(w). (3
peX

b = |X|:Mini-batch size, (in batch training, X = T,,b = |T,|),
E,(w):The error for each mini-batch size,  E,(w):The error for all data sample

Batch Training

Data
]

Mini—-batch Training
Data

Randomly extract data from all data -
for one training and use it for training. |

e
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Introduction

» In SGD Training:
For updating the weight, The inner product

of weight and backward element of output
for all p Include in b are require / S-1layer S layer S* layer

-Disadvantages : Hardware and computation |
costs increase when implemented on micro-PC |

i wii /. Wi
Improved method | @ | | 1@
¢ Focus point: I imm il i | | il o ~ |
Back ward ~ Update amount of | |

| _component forb weight (difference) j = The inner product of the weights and' ’
v ____________ the updated (difference) weights

b:mini — batch size, p:#.Sample pattern
For all p include inb

Propose method : Stochastic \Weight Difference Propagation (SWDP)
It can be calculated by the inner product of the weights and the difference between the weights




Stochastic Gradient Descent (SGD)

» NN input/output relationship:

0, = Xp" = fyn(w,xp)

0, = xp" :Output, x,: p-th input

p

» The input-output relationship of the I-th
neuron in layer S:

sif il S . ..S5—1
le_zwij ik
J

f (zf:p) : Activation function

Input layer Output layer
x,  Hiddenlayer o, = xg¥

7o
b |

b:mini — batch size, p:#.Sample pattern
| Feed Forward : For all p include in b >

S+1 layer

(4)

S-1 layer S layer

()




Stochastic Gradient Descent (SGD)

»Update formula for weight Wl-sj In SGD: b:mini — batch size,  p:#.Sample pattern
Back Promation . for all p include in b
0L, (w)

Wl-sj (t+1) = Wl-sj (t) — n ws. (7) ( §-1 layer S layer S+1 layer\I

lj I

t:#.Iteration counts, n:Learning rate : C:j‘fp_ '

J
! . . 0Ep(w I
» By using the chain rule, the gradient a\ljv(s ) becomes I
ij
~

0E,(W) 1" 0E,(W) 1" 0E,(w) 0x}, 0zf,

S S T S S S
ow;; b ow;; prX x;, 0z;, 0w

If S layer
IS output layer? =
Or not?

(25, x5t (8)



Stochastic Gradient Descent (SGD)

If S layer is output layer (S = out): b:mini — batch size, p:#.Sample pattern
0E,(W) O0E,(w) _ il < Back Propagation: for all p include to b |
p— ST pout is the output layer’s differentiation
0x; 0x;
Lp Lp
MSE: Ey (W) = lz ! out||*. (9)
) b b E Hdi’p T xi,p

peX

d;p:p — th teach signal for i — th neuron

JEp (W)

S
awij

> Gradient IS :

IE,(W) 1O 0E,(wW)| i W iy
oWy, i Ez oxs, Ui (Zis,p) KAy = 5 —(dip = xip ) - f (Zzp) ‘% - (10)
peX v peX




Stochastic Gradient Descent (SGD)

If S layer is output layer (S = out): b:mini — batch size, p:#.Sample pattern
0Ep(W) _9E < Back Propagation: for all p include to b |
> aps a,fcf:? 1s the output layer’s differentiation
l,p Lp
1 L
CE: Eyw)=—7 ) ) diplogxs®), (1)
peEX [=1
L:#. classification class
exp(lep)
- GO | A8 = (12)
Softmax: Lp ( lp) S exp(z5,)
L E :
» Ifl =i, gradient b(w) 1S :
aw .
0E,(w) E,(w) il 1
ows b z dxS i (Zzp) Xp = _EZﬂ . (13)
t peX Lp peX




Stochastic Gradient Descent (SGD)

If S layer is other than output layer: b:mini — batch size,  p:#. Sample pattern
OE, (w) 1 OE, (W) Back Propagation . for all p include in b
b p /
e 4 1 : 8)
ow? b 0x? f ( ( §-1 layer S layer S+1 layer ®
ij pEX L,p I[ y y y |
0E,(w) I
>——s I
0x; [
I J I
S+1 s+1
0E, (w) OE (w) 0xp . 0z, 1 . |
s+1 aZs+1 ax | )
aE (w) t
i z o S+1 |l (ZS+1) WS+1 : (14) Require for all p include into b
_ aEb (w) . The inner product of the weight and back propagation component
awij Back Propagation component
JE, (w) ;




Propose method : Stochastic Weight Difference Propagation(SWDP)

r» Back propagation component for b € Weights update amount (difference)
In SGD training:

Require the inner product of weights and back
propagation components of output for all p
Include in b

.mini — batch size,

p:#. Sample pattern
< Back Propagation. for all p include in b

l §-1 layer S layer S+1 layer ™

@
=
.

N

% (7]
=

E (7))

=
oo 0
ﬂ-+
[
®

\ = == == = ==

“=The inner product of weights and back ward componentss

from outputs !
E, (W) 1 9E (w) | |
aws TR 2 2 s+1 S+1) Wei f (Zis,p) ' xﬁpl' (15)

t peX




Propose method : Stochastic Weight Difference Propagation(SWDP)

r» Back propagation component for b = Weights update amount (difference)1
In SGD training: == Propose method: SWDP ==

Require the inner product of weights and back In SWDP training:
{ It can be calculated by the inner product of the
weights and the difference between the weights

propagation components of output for all p
Include in b

-minl — batch size, +#. Sample pattern I
& el b:mini — batch size,  p:#. Sample pattern
Back Propagation . for all p include in b Atk Propagndon ot el ae s I
§-1 layer S layer S+1 layer ™ I
[ | ( S 1 layer S layer S™ layer I
| I
| | |
: ]P I I I : o5l ] : L}
J I N\ Wil X Wi
1 1 U Zip —\~ [
I : | I I ; : \ :
J i I
“~The inner product of weights and back ward componentss \
remIoUtpUt, aTu( “=The inner product of the weights and the updated /
OF) (W) Ep(W) f (ZS+1) Ws‘l'1 f’ 75 ). x571 \ - - _(dlﬁﬁme)whts_ - s -
ows. b xS+l ip) " Xp - (15)
ij
PEX Kk



Propose method : Stochastic Weight Difference Propagation(SWDP)

’_____—

== Propose method: SWDP' == \

>The update formula of weight w;; in SGD:

In SWDP training: | I OE, (W)
It can be calculated by the inner product of the \ Wij (t+1) =w; j (t) —n aws (D)
weights and the difference between the weights I ¢:# teration counts, n?Learing rate H

b:mini — batch size,  p:#. Sample pattern

Back Propagation: for all p include in b

<

( S-1 layer

I
P :
I ~lp w; 7., witt
I ] Zip ] k
| : i [
|

S layer S™ layer

PN
l

“=The inner product of the weights and the updated
(difference) weights
I I

/

mn!! (s | o= | | | | |

OE
I » The gradient b(:v) IS :

L

ow

(')Wl-sj b

If S layer is output layer (S = out):

If S layer is other than output layer:




Propose method : Stochastic Weight Difference Propagation(SWDP)

IR EVE A A EVEEECE 9 SVWDP and SGD have the same calculation for gradient

0Ep (w) OE,(W) . b:mini — batch size, p:#.sample pattern
>—— — IS the output layer’s differentiation
0x;y, 0X;p Back Propagation: for all p include to b |
! 0Ep(w) .
» The gradient IS :
J ow?

Lj

If error function=Mean Square Error (MSE) :

0Ep(w) x0u
s b; (dip = X9 F25) - 555 LN

d;, + Teach signal

0E
b(W) il __E(dlp out) _ (13)



Propose method : Stochastic Weight Difference Propagation(SWDP)

\f

bzzaE S(+1) gty - witt fr(Zis’p) a5 (16)
k,p

pEX

If S layer Is other than output layer: b:mini — batch size,  p:#. Sample pattern
OEp(wW) Back Propagation  for all p include in b
» The gradient aw IS : ST ] L] layer\l
|
+1 S+1 S s—1 P s—
AR e ) Y !
W RT (15) |
' [
1

> By assuming x;,, # 0, (16) can be transformed as in (17) :

2 ZaE (W) ze o -xipl - Wil f,(Zip)-x-S_1 (17)

oxp bt 15 j.p
i,p il

pEX



Propose method : Stochastic Weight Difference Propagation(SWDP)

Back Propagation . for all p include in b

¢ S-1layer S layer S+1 layer

, I
pEX i 17, . I
- jp [
(PR N Nl S| E] A S i ) S |, ——— - / I .]

1 IaEP(W) r(.,s+1 S s+1I lf Z‘Sp) s—1I I O I
:z Ezl Pystl ( k,p ) Xip [k IS Xjp : I : |
k pexlh_&p ------------ ‘I_-l-p———— - -'

(17)

» Approximating (17) from the product of mean to the
mean of product :

OB, (w) LN FER00D) |1 s 1o (7)) 18
ow?> EE(BZ axs+1 (Z +1) xlp Wk:_1> Ez xS -xj,pl | ( )

J] k pEX k.p

13



Propose method : Stochastic Weight Difference Propagation(SWDP)

If S layer is other than output layer:

aEb(w) A 1 p s+1 1 f’(Zi'p) s—1
ow?. ZZ(EZ gwstt | Wk | EZ WU Trae(l i (18)

t k pEX ki pEX il
aE (W) ( S+1) 0E ,"V) (19) b:mini — batch size,  p:#. Sample pattern
Z .X' 5 2 :
s+1 itp | s+1 Back Propagation: for all p include in b
0xp 5, owy, < pag P

( S-1 layer S layer S™ layer

JE, (w) 0E,(w
S LR R e |
b aW;l aWS : x.s_l s i S+1
pEX @”’ Wii (s X Wi @

I
. O0Ep(w) | -
> Substitute — In (20) into (18) : |
aWkl I - \l'
J0E,(w) _ z <6Eb(w) WS+1) 1 z f’(zfjp) L i
ey k o y ', .
ow;; - owstl T b pEX x5y )P (21)



Propose method : Stochastic Weight Difference Propagation(SWDP)

b:mini — batch size,  p:#. Sample pattern

Back Propagation: for all p include in b

JE,(w) I ]
= ' -  S-1 layer S layer S+ layer
ow;; - dwiit
S+1 (21) I X s i 3 s+1
> The update formula of weight wy; ~ in SGD: | @”’ igne il @
ip
0E (W) | S |
wil i D) = wit ) e |22 1) |
Wii ~
» The update amount (difference) of weight WS+1 IS :
aE
AWE! = Wi (e + 1) — W) = —n Sl
Wii (23)
Swart = Wil (24)

15



Propose method : Stochastic Weight Difference Propagation(SWDP)

b:mini — batch size,  p:#. Sample pattern
) < Back Propagation: for all p include in b
s—1

~ . i e Py ) {071 -8 ™ layer
ows. z ( aWS+1 Xip ( S-1 layer S layer S y
lj Kk oL \
| s 5
: 21) |~ WS, wz:ﬂD
0E,(W) _ 1A s+1 il I @ 2 G U
owsFt | Wki (24) : ; !
~
> Substitute —;AWS_H in (24) into (21) :
IE, (W) 1 1 f ’(Zis,p) i
t K pex P

16



Propose method : Stochastic Weight Difference Propagation(SWDP)

If S |ayer IS other than Output |ayer: b:mini — batch size,  p:#. Sample pattern
E (W) Back Propagation: for all p include in b
| p\W) .
> The gradlent aW IS . ( S-1 layer S layer ST layer
Lj
f’(zfS ) - :
o i ) ' . i f s\ i
ows, . T prX iy | | @ Az, k k
(25)1 2N '
> The update formula of weight w;; in SGD : : l
~
JEp (W) (7)

wii(t+ 1) = w;i(t) — 7

In SWDP training:
It can be calculated by the inner product of
the weights and the difference between the
weights

S )
ow;;

t:#. Iteration counts, n:Learning rate

> The update formula of weight w;; in SWDP :

= wi(©) + ) (bwgt - witt) - ( Zf(z"’) - 1> (26)

k peX

17



Experiments

’---------~

 2-bit parity problem
I #. Training data: |T,.| = 4

J *Training algorithms:

I SGD & SWDP

: *Error and activation functions:

[ MSE & Sigmoid

: *mini-batch size: b=1,2& 3
[ *Learning rate: n = 0.1

[ *Input: 2 *Output: 2
| «Network structure:

: With 1 hidden layer 2-10-2

\ With 2 hidden layer 2-10-10-2

~_--------’

\

/"8 x 8 MNIST Y, / IR

BX8MNIST 4L __3spiral___

 LIRY:3 Training data: |T,| = 1,347 LIR¥:3 Training data: |T,.| = 1,050 [

I o Test data: |Te| = 450 I *Training algorithms: I
11 “Training algorithms: 1! SGD & SWDP [
1! SGD & SWDP LA ] I
11 e mini-batch size: i asestzs [
2ol kel a0l 12! 24l 16 |as N B T tiey SR ines 14 Fon Gy
11 xea L e I
11 . Learning rate: n =01 1! -Learning rate: n=0.1 I
|| *Input: 64 *Qutput: 10 || *Input: 2 *Output: 3 [
11 *Network structure: 1 *Network structure: [
:: With 1 hidden layer  64-10-10 : : With 1 hidden layer ~ 2-10-3 :
TR Sk 3 TIP3 S
' : : : : Sos, g >
N IGF R N - )y




Experiments

2-bit parity problem

#. Training data. |T,.| =4

*Training algorithms:
SGD & SWDP

*Error and activation functions:
MSE & Sigmoid

*mini-batch size: bh=1,2& 3

*Learning rate: n = 0.1

*Input: 2 *Output: 2

* Network structure:

With 1 hidden layer 2-10-2
With 2 hidden layer 2-10-10-2

18



Experiment results @):2-bit parity problem (NN: 2-10-2)

1 Hidden Layer 1 Hidden Layer

3x 1073 25000 A

—a— 5GD == 35GD
—8— SWDP —&— SWDF
2x1073 - 20000 -
=
i} 15000 -
@ 1077 - F
= ' 10000 -
E ]
F oEx107*
5000 -
4% 107 -
- .
3- b ]_D_: T T T D T T T
1 2 3 1 2 3
Mini-Batch Size Mini-Batch Size
Fig 1. Change in training error for mini-batches Fig 2. Change in the iteration count for mini-batches
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Experiment results @):2-bit parity problem(NN: 2-10-10-2)

2 Hidden Layer

3% 103
—— SGD
N —a— SWDP
£
o
@ 107 A
R
=
1=}
=
= sx10*
4%10°%
3x10°*

1 2 3
Mini-Batch Size

Fig 3. Change in training error for mini-batches

2 Hidden Layer

—8— SGD
100000 1 _o cupp
80000 -
S 60000 -
o
)
40000 -
20000 -
- -
1 2 3

Mini-Batch Size

Fig 4. Change in the iteration count for mini-batches
20



Experiments

8 X 8 MNIST

#. Training data: |T,| = 1,347
#. Test data. |T,| = 450
* Training algorithms:

SGD & SWDP
*mini-batch size:
b=1,2,4,6,8,10,12, 14, 16, 18,

20 & 32

*Learning rate: n = 0.1
*Input: 64 *Qutput: 10
*Network structure:

With 1 hidden layer 64-10-10

target: 0 target: 1 target target: 3 target: 4
0 0 04 L] 0
2 2 24 2 2
a 4 4 a 4
6 [ 64 6 6
[} 5 0 5 0 5 L] 5 0 5
target: 5 target: 6 target: 7 target: 8 target: 9
0 0 04 L] 0
2 2 24 2 2
4 4 4] 4 a
6 13 64 6 13
L] 5 0 5 0 5 L] 5 0 5

18



Experiment results @: 8 x 8 MNIST

100 { mm g 77,7”” 12000 | —g= =cp
- BREREREREREE 7"
IR A AR A444¢ 2000 -
am'/////// KK 3
5 1411 § o
ANV TIAAAAS o0
o= KEEELED
. < 560 Test Accuracy / / / / / / / 20
DfEWDPTest.ﬁ.ccuracyf////I/{/I D,.........- .
Fig 5. Change in accuracy for mini batches Fig 6. Change in the iteration count for mini-batches
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Experiments

#. Training data.: |T,.| = 1,050
*Training algorithms:

SGD & SWDP
*mini-batch size:
b=1,2,46,8,10,12, 14, 16, 18,
20 & 32

sLearning rate: n = 0.1

*Input: 2 *Output: 3
*Network structure:
With 1 hidden Iayer 2-10-3

a%x

10
o a,.aw
0.5
'.
1.0
1.0 10

"'Uq-vfé"

18



Experiment results@): 3 Spiral

100 - 16000 - —e— SGD
14000 {4 —%— SWDP
a0
E 12000 -
. |
E &0 . 10000
=S o i
= E‘ 8000
L=
g 401 BO00 -
4
= 4000 -
ED 7 __-
H 5GD Train Accuracy 2000 -
E SWODP Train Accuracy
0 - o+ :
1 2 4 & g 1 12 14 1 18 20 32 12 4 & 8 10 12 14 16 18 20 32
MiniBatch Size Mini-Batch Size
Fig 7. Change in training accuracy for mini-batch size Fig 8. Change in the iteration count for mini-batches
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Conclusion

To decrease the cost of Stochastic Gradient Descent (SGD)

Proposed method to improve
Stochastic \\Weight Difference Propagation (S\WWDP)

In SGD training: In SWDP training:
It can be calculated by the inner product of the
weights and the difference between the weights
Include to b

r»Back propagation component for b = Weights update amount (difference)-‘
Require the inner product of weight and back
propagation component of weight for all p
» Experiments shows that although the #. iterations increases, SWDP can train with almost the
same accuracy as SGD.
» In future works:
1. Improve SWDP to allow for robust training.

2. Investigation of the effectiveness of the SWDP for huge and complex problems.
3. Implement the SWDP in hardware such as FPGA and verify its effectiveness. 25
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