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MIZATION IN SUPERVISED LEARNING

¥ Given a datasef TiAY)

¥, Neural network : Parameterized model to map functif 7) \ U

predicted A
() output ¥; L | 4

¥, Objective TaONCHC

- (S)L@I {9  where '&S)L—tSIILbFlQHG (Eg. MSE )

Wiy




[ GRADIENT BASED
| ALGORITHMS | l

[HRST ORDMETHODS] { SECOND/APPROXIMATE}D

SECOND ORDHEETHODS

Y4 Faster convergence

% Slow convergence in highly %, Suitable for highly non
4

non-linear problems 2 _
¥, Simpleand low complexity = linear problems
¥, High computational cost
5 ‘ » Hessian
©t T Y TLGraden weight c e RO e
A [ : |
| Classical Momentum Newton Method
E «3§ E}A[ o ES ' ] vs ~E 'e QuasiNewton Method (QN)

AdaGrad, RMSProp, Adam

Nesterov's Accelerated qualsiewton (NAQ)

od s



] ORDER ALGORITHMS

The weight vector is updated by the update vectsy. (; as

e.ouL e Ece.yg éZ'Mc"EU;
Steepest gradient descent(SGD) with a step dige

®>y L F»®q:e.; a:' Mé'\lfJ)',‘ Normal Gradient ‘
Classical momentum (CM) method )
e,y L Ate F» °q:e . ; é:'MaJﬂ Momentum term |
E «3 E}A][- o Es '&E ] vsS ~E 'e u SZ}
syl A F» °q:e. & ' MaY;

/ \ E «3 E}A][- E §
|_Momentum term | E Gradient (NAG)

od 6




NEWTON METHOD

The weight is updated with update vectote. ; as
e .oyl e« Eoe.y a ;' Mab;
The weight update of quadlewton (QN) method is given as

eyl F» t.°q:e.; a ' MaR: _
>U 1 Normal Gradient

The matrix0is iteratively approximated by BFGS formula

t.oyL(uF E ™Y t.(UFE Y. ™) EE ™M 3. M

B L——, MLe..yFe.and V> 0q:e.o FOq:e.) &:' M&;

‘ Normal Gradients\

o

Y. €mm”’




METRIC VIEWS

Wk+1
Wk Vi Wk+1 W,
F"’-
v vt 2 L/
/ e /
Wia Wi Wi =—0;H,VE(w, W,
(a) CM (b) NAG (c) QN

Source:, X EJviu]lC U ~ vNéwiondi%edlu]l 3]}v (JE v pE o v SA}E!I SE Jv]vP v }E%
PE | v& U / [JourBa ot 2017.
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ZKs[" > Z d -NEWTON METHOD(NAQ)
he update vector of NAQ

e syl e E4dpF Wt %q:e. Eace, a ' Ma,;
-
| Momentum term E «S EB}A][ 0 S
Gradient(NAG)

The matrixt . is iteratively approximated by
t sgL(uUF 0= -9t . (UFO—% EO-—-% a:MaU

#2’_‘, — Le..ygF:ie.Eace;and —; °q:* >, F°Qq:e - Eac)

' Two gradient computations ‘ Normal Gradient ‘ E «3 E}A[- 0 S
| per iteration , Gradient(NAG)
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ENTUM QUASNEWTON METHOMOQ)

he update vector of NAQ

e..uL e EaApF Wt .%q:*. Edce, a:'MaJy

AN

| Momentum term E «5 E}A[e 0 §
Gradient(NAG)

E <3 EAadcékerated gradient approximation

rd ey

°g:e. Eace; N:skEas;°qg:*; Fap°q: -y, 3" MaJ O
and the Hessian matrix . is updated as

t.sgL(uF 0= -t . (UFO—§ EO-—-% 3. MDD

, — LesgFie.Eam;and —>;°qie 50 F<SE&;°0: [ F&:°0q: »0;=

ép L—

—

NZ ZEI D Z}Iu]JU X Iv E %E]C E-+]v]U ,]JE}+Z] E]JvIu]C U ,] -Ndwten Tthirtiy for Neupou E $ A} EIS]UVipE .
Pacific Rim International Conference on Artificial Intelligence, PRICAI 2019, (gB1p6Bpringer, Cham.
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OBJECTIVES

¥, Study behavior of first and second order methods in training neural networks

¥, Investigateand propose Nesterov and momentum accelerated second order methods for
training neural networks

¥, Demonstrate robustness and efficiency of Nesterov and momentum accelerated quasi
Newtonmethods

11




ASINEWTON METHOD

1
f E(wyp+d) ~ m(d) ~ E(wy) + VE(w;)Td + 5 d"V2E(w)d.

[ Thelminimizer dy is given as

dk = —VZE(Wk)_lVE(Wk) - —Bk_IVE(Wk) .

[ The new iterate w1 is given as,

Wi = Wi — athk_1VE(wk),

and the quadratic model at the new iterate is given as

E(Wiy1 +d) ~ myq(d) = E(Wipq) + VE(Wgeyq)'d +

1
2

a:'MaJy
a:'Ma b
a:'MaJR

rd

od

\

a
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ASIE tdKE D d,K = E *d ZKs[”? > Z d

f 7TKH 1HVWHURYYY DFFHOHUDWLRQ DS SURIpktedd bf thé/ WKH T
iterate at

The new iterate wy 1 is given as,

Wi = Wi + v — B VE(wy + jvy)

= Wi + UiV + apdy.

13




SINEWTON METHOD : SECANT CONDITION

f(z) : | .‘ f(x)

Direct: B*(z* — 1) = F(z*) — F(z*!)

Dual: % — 2! = Hk(F(-’Bk) = F(mk_l))

VY ¥




SIE tdKE D d,K = E *d ZKs]|[” > Z d/f

We have
"(*pE@NI L9
"(*p>s E@NI ps(9
Require:

| p=5Mmatches the gradient at the previous iterations, i.e.,
1. Vmgyla=o = VE(Wi 1 +d)[a=0 = VE(Wg;1)

2. Vmyiqlg——ada, = VE(Wip1 +d)]a=—na, = VE(W 1 — apdy) = VE(Wg + pivy)

A




SIE tdKE D d,K = E *d ZKs]|[” > Z d/f

. (s S . .
Proof:  "(*pss E@ NI pss(9 L "(* ps5) E@(‘p>5)ISE—t SP'(*ps9 S

................................................................................................................................

%) D>5(3 L g('ID>5) E@'('I»S)é
A pss() L D(*ps5) EW'('I»EDS §@4CETM:I:§°TMCE°<é

A ps(FUS) L B (* psg) FUDP (* psp) Sp
A pss(FUS) L @ (2 pse) FUP (s S L D (s FUSY) L B (e E dcp)
D(*pse) FUP (¢ ps9 S L D (+p E ac®)
L
I L 2<%t "Fe"SeSee”

(&) 20> "eISH>UEe"“FSepte”

S IndrapriyadarsiniShahrzadvlahboubi,HiroshiNinomiya,TakeshiKamio,HidekiAsai, * o E SypwietricRankl QuasiNewtonMethodwith E «3 E} A
'"E ] vAlgddthms2022 15(1), 6;
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FUNCTION

he Beale function is multimodal, with
sharp peaks at the corners of the input

domain

Unconstrained test function

&) L:UbF z2yE zgzp;Y

E:URUDPF ZyE 7y 2gY;

()

Global minimum

HT@ Lrat TVL Ul &y,
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(] E 38 E}A[e o0 E 3NewtdnTmNMA®]

corporating an additionaB — term for better convergence

— Le.syF:e. Edce:

—Log(s s) FOq(*s- EAR) EBE— L ¢ EB— ceModified Secant Condition

[ 8 .5L(uF O— & (UFO—§ EOQO— —F J term

2) Eliminating linesearch

Determine step sizd L using the explicit formula

] F%eq:-. E Aoe:*V.
> ||a’(‘||0}‘ & :'Md) a

Iv E % E]C E-]v] "XU ~Z ZEI D Z }u]JU ,JE}Z] E]JvIu]C U v ] ] < ]X “tédGsasiNewtdn srigthod bn u} ]
d ve}E(0}A_ /vW Tiid i68Z [ /Ivs Ev §]}vo }v(E&v }vD Z]Jv > Ev]vRI11IsA %% 0] S]}ve ~/ D> U
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Training Error

unction Modeling Example

1071 4

1072 1

10—3 o

— AdaGrad

—— RMSProp

— Adam

— BFGS

—— MBFGS

— NAQ (0.95)
mNAQ (0.8)

—— mNAQ (0.95)

T T

0.6 0.8 1.0 2 i
Epochs (x 10+3)

fla,z,b) = 1+ (x+22*)sin(—az”+b)

Input nodes = 1
Hidden neurons = 7
Output nodes =1
Parameters = 22
Training data : 400
Test data: 10000

H + H+ H +H+ +H

Indrapriyadarsini Set. al. */u% 0 u vS S]}v }(
us$zZ} }v dve}E(0o}A_ /vW 1ii6 i68Z /

Applications (ICMLA), IEEE (2018) 11434

u} J(1 E

/Ivs v S]}v o

19
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unction Modeling Example

fla,z,b) = 1+ (x+22*)sin(—az”+b)

SUMMARY OF SIMULATION RESULTS OF EXAMPLE 1.

Algorithm g E(w)(x1077) Time Iteration  Eiest(W)(x1077) 20
Ave/Best/Worst (s) count Ave/Best/Worst
AdaGrad - 5987/586/602 40 100,000 59.03/57.69 / 59.48 ol
RMSprop - 334705647789 41 100,000 _ 3.3570.400 / 8.16
Adam T 415/03247/143 42 100,000 4.147/03597 1453 _ o
BFGS T 15.047/0650/31.80 49 3204  15.1470650730.66 =
mBFGS - 524/0.194/178 58 31370 52670233/ 17.80 ~16
08  194/0307/633 23 9006  1.9470.307/6233
mNAQ 085 0974703077500 19 7.549  0.980 70315 /7 5.00 e U
00 153701947138 15 50931  1.537/0.194/13.80 — data
005 130701957631 11 4461 13070233763l - - yi—
-4 -3 -2 —'l 0 i) 2 3

ICLR

20



CROSTRIP LOW PASS FILTER MODELING PROBLEM

Inputs : D=12,14,16,18,20mm

Input frequency f = 0.14.5GHz Average training error vs epoch over 15 trials
Outputs: S parameters@4 and | Q4

] — AdaGrad — mMBFGS
o === ] —— RMSProp —— NAQ95
/ = 2\ N/, -
o 7 wq : —— Adam mNAQS ¥ Input nodes =2
; : ) — BFGS — MNAQ3S t Hidden neurons = 45
~101 " i 1 T Output nodes =2
" - 10
Y ;; 5 T Parameters = 227
" = ..
2 _20 I : 5 1+ Training data : 1105
g ',,' 2 T Testdata: 884
¥ =
: £
& =30 D-14mm = 10-2 1
—40 -
D=20mm
D=12mm === |s11]
-50 - — | 521
T T T T T 1-0_3 E T T T T T T
0.1 11 2.1 3.1 4.1 0.0 0.2 0.4 0.6 0.8 1.0
Frequency (GHz) Epochs le5

ZIv E % E]C Ee]v] "XU ~Z ZEI D Z }u JU ,]JE}*Z] E]JvIulC U v ,] 1] -« |Xatebupiasi Ei AS}SIUvSIA} by H(Ve}ECSIEIAYW Ti00 EOSZ
Conference on Machine Learning and Applications (ICMLA), IEEE (201215447
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ROSTRIP LOW PASS FILTER MODELING PROBLEM

Algorithm E(w)(x1077) Time lteration  Eieor(W)(Xx1077)
Ave/Best/Worst (s) count Ave/Best/Worst

ZIv @ %% E]C &E-+]v] *XU ~Z ZElI D Z }pu JU ,]JE}+Z] E]JvIulC U v ,] 1] « [XatetpiasiEi AS}SIUvEIA} U} U(NV-}EECSIEIAYW 7100 ®OSZ /
Conference on Machine Learning and Applications (ICMLA), IEEE (2011215447
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UIT DESIGN OPTIMIZATION___ besensecmcsnon

Parameter Value

Supply Voltage +2.5V
Hn Cox 160;1,14/1/2
pCox 40pA/ V2
Unity GBW > 1 MHz

Open Loop Gain A,(dB) >50 dB

\ S OB —— mNAQ(p=0.9) Phase Margin >60 deg
—— mBFGS ---= mNAQ(p=0.95)
10-1. —— amNAQ AdaGrad - |
— mNAQ(U»:OS) — SGD vdd 57 E[_ __]LTI—— — L-_;T
----- mNAQ(n=0.85) ™ *—I M5 F
= |
;6 \
o —— —
= S — ]
E o lref N~ e —L Cout
E CD |1 J__
F )
Cec
L e — 1
— 1 J?
10724 ‘ ' ' ST ' ' ' .
0 25 50 75 100 125 150 175 200 Ve é)

Epochs

Iv @ % E]C E+]v] "XU ~Z ZEI D Z }pu JU ,]JE}*Z] E]vIiu]lC U d | «Z] < u]} v glGrclit Desjgh OptimizatiEn wsify Nesle@bV's Aedsiataled @Ndgtonv o }
Method." 2020 IEEE International Symposium on Circuits and Systems (ISCAS). IEEE, 2020
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UIT DESIGN OPTIMIZATION

I S kv oF THE REsULTS OvER 30 TRiALs TR

Algorithm g Eirain(w)(x1077) CR  Average Eiest(w)(x1077)
Ave/Best/Worst (%)  epochs Ave/Best/Worst
SGD . 66.402 / 43.153 / 113.334 - 200 68.428 / 45.852 / 118.620
AdaGrad - 35.102 / 26.927 / 53.736 - 200 36.784 / 29.450 / 57.535
Adam - 11.777 /1 11.288 / 16.394 - 200 13.576 / 13.103 / 17.860
BFGS - 11.354 / 11.287 / 11.464 - 200 13.193 / 13.142 / 13.261
0.8 10.010 7/ 9.892 / 11.194 90 161 11.862 / 11.610 / 13.008

mNAQ 0.85 10.005 7/ 9.889 / 11.097 93.3 156 11.859 / 11.616 / 12.907
0.9 9.966 / 9.880 / 10.478 93.3 156 11.813 / 11.603 / 12.416
0.95 10.305 7/ 9.874 / 11.328 63.3 178 12.098 / 11.477 / 13.154
amNAQ - 9.997 /1 9.849 / 11.285 96.7 146 11.799 / 11.546 / 13.105

IV E % E]C (E-+]v] XU ~Z ZEI D Z }u ]JU ,JE}*Z] E]vIu]C U d | «Z] < u]} v g[Grclit Desjoh OptiBizat@Eh wsify Nesie@V's Aecsiaialied PN&giornv 0}

Method." 2020 IEEE International Symposium on Circuits and Systems (ISCAS). IEEE, 2020
A B




izationin Large Scale Problems

' .
&
: . -
e
- s
: . . Ll
A . &) . X, ’
5» 3 '~'f.m o~} P X . - -
PS5 YR e - ~ < - . -
' . -~ -
g \ v - .
.y . Xy .
. y 5 . ,
g ’ el .-
. : ‘ ;‘ ) »
oy — = .
- g o)

Standard NN

Convolutional NN

"| Agent |

-

. state | |reward
Require s, | IR

% Fast training |
% Good accuracy R

¥, Reduce computation cost

Environment ]d—

od

Recurrent NN

action
A
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, "d/ E ~d ZKs[” > Z ANEWNONA/

¥, The update vector of stochastic quagwton (QN) method

e-glL F»t.°q:*. EARS ;

NAQ computes two gradients per iteration (on same mimtch)
— L °q(*>08,) F°q(e- EAfeq ) El-

[ & .gL(uF O- & (UFO— ¢ EO—-—F J

Iv E % E]C E-+]v] "XU ~*Z ZEI D Z }p ]JU ,]JE}+Z] EJVIUJCEWNSYV D 37} - AXKSZ B 3® AHE[+ YE ] v3_U
European Conference on Machine Learning and Principles of Knowledge Discovery in DatabasdsDBCS{ringer, 2019
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, "d/ E ~d ZKs[” > Z ANEWNONA/

Irection Normalization | — oNAQ
100‘; oNAQ_woDN
Further to improve the stability, direction | == IQLEGY
e 0oBFGS_woDN
normalization is introduced. o ]
o
¥y Z Flui o e E & 88 e
= pl (e p Edqesd p = '
. )'( 10-3-5
¥ — |
P L |
10’4-5
Normalizing the search direction at each iteration ensures 0 200 400 600 800
that the algorithm does not move too far away from the Iterations

current objective Effect of direction normalization

Iv E % E]C E-+]v] "XU ~"Z ZEI D Z }u JU ,]JE}«Z] E]JVIU]CEWASYv D 87} AKSZ P 3% A& [+ YE ] vS_U
European Conference on Machine Learning and Principles of Knowledge Discovery in DatabasgdsDBCS{ringer, 2019
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Ole@ors t ONAQ e |

98 -
M IO
]
97 -
-
o
© 96
- .I
[&]
o
< 95 -
et
[75]
Q
F 941
— SGD — Adam
1074 - 93
—— oNAQ(u=0.8) oLNAQ(u=0.8) — SGD oLNAQ(p=0.85)
—— OBFGS oLBFGS — Adam oLBFGS
10_5‘ 92_ T T T T T T T T T
0 10 20 30 40 50 60 70 80 0 50 100 150 200 250 300 350 400
Epochs Time (s)

Results on MNIST Classification

Iv E % E]C E-]v] "XU ~Z ZEI D Z }u JU ,]JE}*Z] E]JvIul]<E WSYyv O 317} -AKZ P3P I H][ YE ] v _U
European Conference on Machine Learning and Principles of Knowledge Discovery in Databasd#&) BCS8firinger, 2019
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astic Momentum Accelerated quasiewton t oMeQ
°g:*:. Eace; N:sEé&s;°q:*; Fa°q: -p;

oLMoQ DI[: zg
oLNAQ 0
oLBFGS oLBFGS

Adam gt Adam

S. Indrapriyadarsini, Shahrzad Mahboubi, Hiroshi Ninomiya, Takeshi Kamio, Hideki AS8i} Z «S vVSuu o-NEwtn Méthod Jor Neural
E SA}JEIe ~28p vE «3E 3« U WE} JvPe }( SZ 108Z I }v( }v. €ES](] ] o0 /vS o0]P Vv U &

mn_n




Z *3] D}u vSpu | E 8 E}A]e

Summary of Computational Cost and Storage

Algorithm Computational Cost Storage
BFGS nd 4+ d? + (nd d?
= NAQ 2nd + d? + ¢nd d?
Eﬂ MoQ nd + d? + ¢nd d? +d
— LBFGS nd 4+ 4md + 2d 4+ (nd 2md
2 LNAQ 2nd + 4md + 2d + (nd 2md
LMoQ nd + 4md + 2d 4 (nd (2m + 1)d
oBFGS 2bd + d? d?
W oNAQ 2bd + d? d?
= oMoQ bd + d2 d2 +d
5 oLBFGS 2bd + 6md 2md
oLNAQ 2bd + 6md 2md

oLMoQ bd + 6md (2m + 1)d

-NewstoE S

30



5]A A8} Z +&] E % E}A[e -NewwmnEaSNAG

OB ®) ¥, Builds on the algorithmic framework &QN andadaQN
FY F' 3 F' 3
A — A — A + A
F Y F Y F 9 F 1
® ® ® ®
@ Recurrent Neural Networks
FY

f Backpropagation through time
L.. A _] f Vanishing/exploding gradient
f Difficult training long sequence;s

‘ f Suitable for dynamic problems

Iv E % E]C E-+]v] "XU ~Z ZEl D Z }pu ]JU ,]JE}+Z] E]Jv}Iu]C U v ,] [T « ]X ’astewt%mMeﬁshod‘,ﬁ)}Tiainiég
ZEE< U E}vo]v E dZ }E&C Vv ]Se % %o0] S]}veU EK>d U / [/ U Ti ~ 8§ "8y VE W % E A E -




1A "8} Z «3] E 3 E}A[e -NewnnEaSNAG 1

% IHVWHURYYV $FFHOHUDWHG *UD @@ Pagsian scaling

Faster convergence by incorporating the 5 Yo L U
1HVWHURYY{Y DFFHOHUDWHG JUDGLHQW J 000
t-°q(e - E aop)

1HVWHURYYfVY $FFHOHUDWHG *UDGLHQW

3, Direction Normalization

Direction normalization scales the search
direction in each iteration by itgnorm

T

- .



)¢
0

1A "8} Z «8] E 3 E}A[* -Newwnd

3, Curvature information matrix

QN methods generate higjuality steps even wittrude curvature information.

Fisher Information matrix (FIM) yields a better estimate of the curvature.

A FIFO memory bufferr of size ¢ jaccumulates at each iteration the FIM as
(oL oa(epals )

This accumulated FIM is used in the computation ofYhector

Al (0 ™ where ™Z ¢ 4 F e 4

od

FaSNAQ U
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51A A3} Z «8] E 3 E}A[+ -NewnnEaSNAR

Summary of Computational and Storage Cost.

Algorithm Computational Cost Storage
BFGS nd + d* + (nd d?
NAQ 2nd + d* + (nd d?

adaQN bd+ (4mp +mp +2)d+ (b+4)d/L  (2mp +mp)d
aSNAQ  2bd+ (dmp +mp +3)d+ (b+4)d/L  (2mp +mp)d

-
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51A A3} Z «8] E 3 E}A[+ -NewnnEaSNA®

—aSNAQ ~——adalQN ——Adam Adagrad 60
& 30
o
2 5 %
S g 30
= -
m ‘'m 20
a2 =
10
0
0 3000 6000 9000 12000 15000 0 3000 6000 9000 12000 15000
Train loss and train accuracy of MNIST pikeglpixel sequence
Iv E % E]C E-+]v] "XU ~Z ZEI D Z }pu ]JU ,]JE}«Z] E]vIu]C U v ,] 1] < ]X ‘asiNewttsndethod ®} TEinisd E

ZEEe U Elvo]v & dZ }EC v ]8¢ %% o0] 3§]}veU EK>d U/ / U 7iid ~ & "8p vE W % E A E -
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AEY Z «8] E 3 E}A[s -NewnndEaSNAQG

a —— aSNAQ 50 -
—— adaQN 40 1
>
&)
© 30 -
3 ,
SO 2044
P
10 4
—— Adagrad
T T T T T T T 0 b T T T T T T T
0 1000 2000 3000 4000 5000 6000 0 1000 2000 3000 4000 5000 6000
lterations lterations

Iv E % E]C Ee]v] XU ~Z ZE]I D Z }pu JU ,]E}+Z] E]vVIu]C U v ,] 1] =« ]X ‘aséNewttsn}ethod o} TRinisg |
ZEE+ U E}vo]v & dZ }EC v ]%* %%o0] &]}veU EK>d U -[(Ektehbed papet NOETA fournay EENOG2GE0) A E -
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A4

S

A4

$1A A&} Z 3]

E

S

E}A[ -NewonnEaSNAG .

Character Level Language modelinglé®er LSTM)

aSNAQ
adaQN
Adam
Adagrad

3000
lterations

0 1000 2000

Iv @ % E]C E-+]v] "XU ~Z ZEI
ZEEe U Elvo]v & dZ }EC v ]&e

ICLR

%0 %0 O ]

Accuracy

6

+

N

0 -

0 -

0 "
— Adam
—— Adagrad

o L T ] ] L ] T Ll

0 1000 2000 3000 4000 5000 6000
lterations

D Z }p]U ,]JE}-Z] E]v}u]C U

v 1]« ]X ‘asNewttsn dekhod B} TEinisd

;]

§]}veU EK>d U -(Ektehtieti papet NOETA journal EEBANO&2GE0) A E -
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Error

Accuracy
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ROUTING USING REINFORCEMENT LEARNING

Synthesisandphysicaldesignoptimizationsarethe coretasksof the VLSI /
ASIC designflow. Global routing has beena challengingproblemin IC
physicaldesign

Objective
Given a netlist with the description of all the components,their
connectionsand position, the goal of the global routeris to determinethe
path of all the connectionswithout violating the constraintsand design

rules ;
$ Routeall pinsandnets . Algorithm
1 Minimize total wirelength(WL) T
T Minimize total overflows §- ao
Agent
Conventional routing automation tools are usually based on analytical and —»W
path search algorithms which ai@ complete

L

AX Iv E % E]C Ee]v]U "Z ZE]I D Z }pu JU ,]JE}+Z] EJvIu]C U d | «Z] < ulNpwton mdHod for] Global Routi1g@Esidg| *
% Z JV(}E& u vs > Ev]JvP _U /vs Ev S]}v o "Cu%o}e]uu }v E}vo]v E dZ }EC ape Aard) %o %00] S]}veU
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ROUTING USING REINFORCEMENT LEARNING

Obijective function:
(9L ".ap1 = F3a:G;%2
where
L 'y MEW7:04=NCIgmBs( &) ;2

od
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Key Takeaways

f In RL the training set is dynamically populated

f DQNs use measquared Bellman (neconvex function)

f Second order methodsaSNAQ show better convergence

AX Iv E % E]C Ee]Jv]U ~Z ZE]I D Z }pu JU ,]JE}+Z] E]JvIu]C U d I «Z] < ulNpwtonmdHod for] Global BoutiigE } A
He]VP % Z JV(}E& u vs > Ev]vP_U /vs Ev S]}v o "Cu%o}e]pu }v E}vo]v &E ddery @er Awatde %o %o 0 |
(Extended papet NOLTA journal IEICE, Jul 2021)
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RQUAR tdKE D d,K = E *d ZKs

*Wikipedia
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> Z d/E' ~Zi t/d, E ~d ZKs[~ "Z | Ed

% QuasiE A3}v = E 3 E}A[e satisites®ecah} vondition
%, The Hessian is updated using the Symmetric4hokdate formula given as
¥, Ensure positive sendefiniteness by performing the update only if

$clé1drapriyadarsiniShahrzad\/lahboubi,HiroshiNinomiya,TakeshKamio,HidekiAsai,’\ 0 E SyjwRetricRankl QuasiNewtonMethodwith E «§ E} A

] vAlgddthms2022 15(1), 6;
8 .



Z d/E' ~Zi t/d, E ~d ZKs[» 'Z | Ed W

If Assumption holds true, then it implies that the objective function satisfies,
"(*p>5) Q'(*pEdmR) E@(*Ea0p’ éE—:{”’ p>5 F 1 pE&cR | 8

Assumption 2nsures Hessian matrix is symmetric positive semidefinite and bounded

- .




Z d/E' ~Zi t/d, E ~d ZKs[» 'Z | Ed W

Assumption &nsures that the subproblewived by the trust region method is sufficiently
optimal at each iteration.

S IndrapriyadarsiniShahrzadMahboubi,HiroshiNinomiya, TakeshKamio,HidekiAsai, » 0 E SyjwRetricRankl QuasiNewtonMethodwith E «§ E} A

E | vAlgddthms2022 15(1), 6;
A 18



Z d/E' ~Zi1 t/d, E "d ZKs[? '"Z2 [ Ed W

L€mma: If Assumptions 1 to Bolds true, and'¥be an optimal solution to the trust region subproblem, and
if the initial Hessiant p-s L @is bounded (i.e.UQ @ Q @ then for all GR r, the Hessiampdate given
by the SR1+N algorithm is bounded

Theorem: Given alevelset = <« 9% +'(+) O' :* 4;=2hatis bounded, lete ,=be the sequence of
iterates generated by the SR1+N algorithrAd$umptions 1 to Bolds true, then,

S IndrapriyadarsinisShahrzadvlahboubi,HiroshiNinomiya, TakeshKamio,HidekiAsai, * 0 E SyhwRetricRankl QuasiNewtonMethodwith E «§ &}/

E ] vAlgddthms2022 15(1), 6;
A 4



= E Ad ZKs[? > Z d/KE ~&h>> d ,s

Average results on levy function approximation problem with mL=10 (full batch).

S IndraprlyadarsmlShahrzacMahboubl HiroshiNinomiya,TakeshKamio,HidekiAsai, * o E SypwrietricRankl QuasiNewtonMethodwith E «3 €} /

'E ] vAlgddthms2022 15(1), 6
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= E ~d ZKs[A > Z d/KE ~~dK", Ad/ »

Results of MNIST on LeNgarchitecture with b=256 and mL=8.
S IndrapriyadarsiniShahrzadvlahboubi,HiroshiNinomiya, TakeshKamio,HidekiAsai, * 0 E SyjwRetricRankl QuasiNewtonMethodwith E «§ E} A

E ] vAlgddthms2022 15(1), 6;
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Future WorkaLMoQ@tochastic noise reduction
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tch strategyu to MoQ
>) distributed

. 6; 7
" P?6 " P?6
7
1 p?5 G
:5;
" p>5

| €
T pa, ) L—j/lﬁ‘@s'r o+ pa, O where , ;D€

5 x6a 7
L—, L@g'Q( pal)’F7AL&7|CI( pa,l)E Aat@ﬁl?'Q( pd U
| Y | /
:5; :6; e
np ”p up
v v ;T P , .6; ;.5
YID L | q(. p>53, p>5) F{(S E @ I q(. p 3, b ) F al q(. p?53, p?5)}

L1g(*pss8 ) F{(SE& Iq(*pd ) Falq *psd )}

\

od
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ATION OF NAQ
s L( pEdp F&'( nEap)’"d( Eé&p a "M U
i By approximation of the Hessia®' (  E & p) using 8p-+,
f Secant Condition
5 L Bpss b & :'MaJ )

pL pssF( pEdapa p» B( ps5) FA( pEap
f From secant condition the rarkupdating formula of this matrix is derived as follows:
f <The update formula ofps &>

 The matrixApssis defined using arbitrary vectorsand ! and constants=and >as
Iél:)>5|_|é~pE|é~pE: XE>IHX é'M'&UY
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NDIX

f Cepl S]SpusSila@l®sS§Ze vS}v ]S]ambltrary vectors and'!
and constants=and >are obtained as

L o, ! LFA, pand=L sa X , >L salX a:'Map
f As a result, the rank updating formula for NAQ can be obtained as
Apss L B E p p*0 X b F s p p"Bp2 pXBp b a:' MaJRB

f Convergence properties of NAQ Proof is omitted here.
a.  Bpss0f (16) satisfies the secant condition, L Apss p
h. If Bpis symmetry,Bps s is also symmetry.

c. If Apis the positive definite matrix@p s is also the positive definite.
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1) Incorporating an additional® — term for global convergence

— Le.oyF:e. Edce;

- R B, o
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2) Eliminating linesearch

Determine step sizdJ,using the explicit formula

Armijo Linesearch Condition:

Qe Edee EUe.) Q o+ Edce) E

RU.°q:e - E ace;*®e.

where . L F@,°q(e: E a0e)



