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Chapter 2: Theoretical Basics
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[1] Murata, Hiroshi, et al. "VLSI module placement based on rectangle-packing by the sequence-pair." IEEE
Transactions on Computer-Aided Design of Integrated Circuits and Systems 15.12 (1996): 1518-1524.



Simulated Annealing, placement

Algorithm 2.2: Simulated annealing algorithm

1S5« 80;T < Ty, L < Lo
2 while stop criterion not fulfilled do

3 for L iterations do

4 Generate new state S’ from S

5 if £(S") < E(S)then § < 5’

6 else if exp (— E(S’);E(S)) > random[0, 1) then S < &’
7 end

8 Calculate next T and L

9 end




CILVEREDT T F - sequence pair
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[1] Agnesina, Anthony, et al. "AutoDMP: Automated DREAMPlace-based Macro Placement." Proceedings of the 2023 International Symposium on Physical Design. 2023.
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CILEEEDT T F - Sequence-Pair

FEEDQDZDDEIXEYDEERD L TEREDHEIES
sequence-pairl Z& > TFEIF (credit to: Shingo Nakaya, et al.):
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YHAXDLEIZHSD (XY YX)

YHOXDEIZHS (XY, XY)

YAXOTFI=HZ (Yxxy) (=T H=XIX) (M- F+)=XYXY)
l' Y “s

(I T +)=(YX.XY)



https://ipsj.ixsq.nii.ac.jp/ej/?action=repository_action_common_download&item_id=27681&item_no=1&attribute_id=1&file_no=1

CILBEEDT T F - Sequence-Pair

Sequence-pairdAL\A 7 AvI BB HE: Sequence-pairZ AL 37 AvoEE{EDHI

OfA LA

P-4 AAF TEEMS
Oy — I AAF OM
(a—fHE7 0w ) *,

",
*
*a

(rodbefoefdab) | Smmmmmn,. SEZEBRIEIOET M0

Ty HEE) (kv tapick 2EBERE)

YHBXDEIZHD (YXYX) v

YHBXD EIZHS (XY, YX)

YHXDEIZHS (XY.XY)

(I~ +)=(YX,YX)

S 1 i
L4
*

YHOXDFIZHSD (YXXY)

(- T +)=(YX.XY)

@ — 4 A AFmEAIL

#FOBTESEALSIET, =T WAATICH
ET a0 PEENERETE S,

Credit to: Kajitani Yoji


https://www.jst.go.jp/pr/info/info30/

Reinforcement Learning — Outline

Action:

« BIELFEDERER ADA DDA,

> IZ1E (environment)

Environment
»I—xk(agent)

s B G A DREEBLCHEE

> {78 (action) State:
SO—) Sl—)---—)St_l

> IR RE (state)
> FREM (reward) Reward

RoeRlé" '—)Rt_l
> 77 %K (policy)

> BIEEREN (cumulative reward)



Reinforcement Learning — Outline

« BIEFE DBRER

> IZ1E (environment)

Action:
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DA,

Environment

State:
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Reward
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Reinforcement Learning — Environment (CONT'D)
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BEDES:

An external system/model/simulation the agent interacts with.
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Reinforcement Learning — Environment (CONT'D)

6\

Definition of environment::

An external system/model/simulation the agent interacts with. Their interaction is demonstrated as
follows:
@ Environment provides an initial state to the agent

A 4

Environment
&2

State: So

Reward: Ro




Reinforcement Learning — Environment (CONT'D)

6\

Definition of environment::

An external system/model/simulation the agent interacts with. Their interaction is demonstrated as
follows:

@ Environment provides an initial state to the agent

@ Agent determines an action and feed it to the environment

Action: Ao

A 4

Environment

What is the {ﬁ

best action
for next?

State: So

Reward: Ro




Reinforcement Learning — Environment

L

6\

Definition of environment::

An external system/model/simulation the agent interacts with. Their interaction is demonstrated as
follows:

@ Environment provides an initial state to the agent

@ Agent determines an action and feed it to the environment

® Environment responds to the agent by giving a state and reward

Action: Ao

A 4

Environment

What is the {ﬁ

best action
for next?

State: So~> S1

Reward: Ro~> Ri1




Reinforcement Learning — Agent (CONT'D)

« BIEFE DBERER

> T — bk (agent)

Action:

A>A DDA,

—1

Environment

State:

S,»S,>S, |

Reward

R,”R,> >R,_
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Reinforcement Learning — Agent (CONT'D)

&)

Definition of agent:

A decision maker or learner determining the best action for the environment to behave. Mathematically, its
objective is to maximise cumulative rewards by learning from a sequence of state-action pairs.

I—> x>k (agent)

N

(state)

B - A TERER
7L X L

B14E (action)

|
R (reward)

IRIR

(environment)



Reinforcement Learning — Agent (CONT'D)

E1 S A—A—DREEBL TEE

> 1T1&) (action)

> 1K EE (state)

> ¥R (reward)

> 773K (policy)

> BFEEM (cumulative reward)

Action:

ASA DDA,

Environment

State:
Sy2S,>S, |
Reward
R,”»R,»---3R, |




B{EFE D2

778/ (action ), At - Decision made by the agent that affects the state transition
2 (state), St - Current situation of the agent in the environment

77 & (policy), n—- 5 Z 5 h T RED & & TITEIZRES HV—L

Reward, Rt - Feedback given by the environment based on the agent’s action

I—> x>k (agent)

N

(state)

B3 - 54T
FILTUR L

+H =0
i et

Bh4E (action)

|
R (reward)

IRIR

(environment)

- INTA—2-

EEOF

/1]
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Return (or called cumulative reward), Gt - Rewards accumulate over a sequence of states
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<)L 3 7REEE (Markov Decision Process, MDP) & |

v{bE D /78] (action) |4 % JfRE (state ) ~ #HY (reward ) ~ IREEEZ DR EDOBEE AR
AN ETINDZ E o

MDP example:

o Action, At
» State, Reward, Rt ‘ —

* Return, Gt :ET)Lﬂ:'
* Prob., p(St+1, Rt+1 | St, At)

e

Credit to: Rafal Buczynski



https://python.plainenglish.io/understanding-markov-decision-processes-17e852cd9981
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Action H

Action B
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p(s'ls)=Pr(S,=s'lS,_,=s)

Pr(5,=A|5,_,=A)=09

. . PriS=A15_,=B|=0.5
Pri5,=B1|5,_,=A|=01 ' N

Pr(5.=B|5..,=F|=0.

Pr(s,=D|S,_,=F)=0.4



RLFE OER - VILITREBIE
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p(s',rls,a)=Pr(S,=s',R,=rlS,_,=s,A,_,=a) Pris.=A15_=4)=03

|

. . PriS=A15_,=B|=0.5
Pri5,=B1|5,_,=A|=01 ' N

Pr(5.=B|5..,=F|=0.

Pr(s,=D|S,_,=F)=0.4
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* Trajectory (called episodes or rollouts in other references), e.g.

|

r=(R,,S,,A,,R,,S,,A,,R,,S,,A,,-) Action A

Action H

. Action A
Action B

Action B
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« Discounted Return —a sum of received rewards over a given trajectory

yel0,1] BB EAKENEE(LEOREE (state) DHMBIETER
G,=R,, VRH;_W R+ HAFRE, INSWEZFIZITEEDIREEZTOIHELNE Z
i HWVARZFEEIT S
~ t+1+k
_Rl‘+1+yGE+l
( o
(D Definition of ¥

A discount factor determining how
much future rewards are valued

compared to immediate rewards ) The goal is to maximise the G,
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« A sample trajectory
r=(S,=B,A,=C,R,=—2,5,=C,A,=C,R,=—2,5,=D,A,=C,R,=10,S,=E,A,=H)

Action H

State-B \Action ¢/ State-C \Action C State-D \VA¢ton € [ State-E
R=10
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 Trajectory (called episodes or rollouts in literatures), e.qg.

|

T=(R{;u S[]_a A[;.le, Sl? Al’ RJ‘_JSEJ AE,“') Pris,=A|5,_,=A|=09

. Pr(S=A|S._,=B|=05
Pr(S,=B|5,,=A]=0.1 : SR

Pr(5.=B|5..,=F|=0.

Pr(s,=D|S,_,=F)=0.4
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)

{M{E B8 %4 (value function) &

BB K ZE (state )£ TIZHT=>TEBFTES 2 TEHEN (cumulative rewards) DEAFFIE, DFY . IWEDIKEEELT
NEDCHWNKLNDMEETBEEE,

J

HDDBDIRESTITHaZ EDBCETHD., (s, a2 (als) EXRI AR T DEETMMERERZUTOLDS ICERILTES

JRAE(MMERILX (state-value function for policym) v_(s) : ZZEnD+ & T, Bot= 778 (action) BRI EIRBEH s &
Li-i5 & D2 EHmEN DO IARFE

VJT(S)zE.-T[GE ‘ St:S]:EH[RE+l+VGE+l ‘ St:S]

4TENEERIEY (action-value function for policy t) 4. (S,a) 1 HZZnD1ET. #EA L ESIZH T 778 (action) a%
o156 DO REHMEAND EAFE

q.(s,a)=E_[G, | S,=s,A,=a]=E_[R, +YG,,, | S,=s,A,=d]
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s bFE DB
RS RN R T 5=, MIERRDIERERKICT DL ZE (policy) ZRH D&,

il (TAMl) MREMERESEE SN AR

x'(s)=argmaxv_(s)
Vo

R (RX1E) MTEMMERS SR ZE SN DTRT

7'(s,a)=argmaxq_(s,a)
Var



{H{ER—RXDFi%
— &1t 5 %K ;18 (Generalized Policy Iteration; GPI)
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vz (s) = Eq[G]s]

WEORGIZEHEEhEROREGCD, D, ... ¢M)
§ zowvz-ccrn

GO+ L...q40 M
- n

Ve (s)
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161 B OBAT &, _ _ _
GO =Ry +yR{+Yy?R,=1+1+1=3
2[8 B DRTT = |Rp=2/Ry=2|R; =2

GP =Ry +yR{+Yy?R, =2+4+24+2=6

¢V +G6? 3+6
195 V.(s) = > === 4.5

Il
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GO 1@ 4.4 M GO 4+ 6@ 4...40 (-1

V.(s) = ” , Vne1(s) = n—1

J ooty

1
V.(s) = E(G(l) + 6@ 4.4 -1 4 G(n))

(1= DVaea () + GO

V,(s) =V,_1(s) + %{G(") —V,_1(s)} % - o {ERBETS
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1B B D&ET-> ¢V
2[81 B ORAIT- ¢
3EIBDERIT-> ¢ Vi(s) = 2

GO+ ... M

Va(s) . ,




ETAHIILAME

1

1
BORT- 0 ——  Vi(s) = Vo(s) + {6 = V()

\1

BOR- 6D —— Vp(s) =Vi(s) +5{6P = V1 (s))

\1

BOHET-c® —— Va(s) =V5(s) + §{G(3) —V5(s)}

1
Va(s) = Va1(s) + g{G(n) — Vn—1(8)}
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1

Eo)é_lt(ﬁ' (R(),Rl,Rz) — (1, 1, 1)

Vo(s) =0

GV =14+1+1=3

1
Vi(s) = Vo(s) + I{B —Vo(s)} =3

BORT (Ry, Ry, Ry) = (2,2,2)

Vo(s) = Vi(s)

1
~{6-11()} = 3

G =2+2+2=6

1
—{6 -3} = 4.
> {6 — 3} 5
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EUTAILAE Vi'(Se) = Ve (Se) + a{Gy — V. (Sp)}
TD& V' (Se) = Ve (Se) + afReyq + vV (Sev1) — Ve (S}

Vn(st) — [En[thst:
= E;[Rer1 + ¥ Gei1|Se]
= En[Reyq + ¥V (Se1)|Se]

ErlGeiq]Se] = (575\‘55t+1’\0)%$zﬁ%§$) ErnlGeyq|Se+]
= (sH\DS; 1 DEFBHEE) - 1V,(Sr41)
= Ep |V (Se41)ISe = s,




S, Sti1 Sti2 St43
Riv1=1 Ry =2 | Ryy3 =3

il 15,

Vi(S¢e41) = Rey2 + YRe43 =5

GV

BTAILBE Ve(Se) = I Rey1+YResz + ¥Rz = 6

TD& Ve(St) = Reyq +¥Ve(Sep1) =1+5=6



G

BUTHIVRE Ve(S) = EE =Ri11 +YRey2 +¥*Rey3 = 6

IEY—FRTETCODIRTOHMEEZS
>TEY—F R H SN EHETE TEHL

TDX Vi(Se) = Reyq + ¥V (S¢41) =1+5=06

SOHMMERDIRBICHE ITAHMERBRDAEZS
PATYTBICERMEE (B TES(T—FRMSYT)
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REINFORCE 7JLaYX L (B THILAFERE)

B RIEA J(8) = Ung (So)
B (B LFE) 0 < 0 +aVy/(0)

Votg (A¢|St)

T
Vo/(8) = E, G
o] (6) 9[; ‘ o (A¢|St)



REINFORCE 7JLaYX L (B THILAFERE)

Votg (A¢|St)
o (A¢|Se)

T
Vo) (6) = Er ) G (O
t=0

—_RAES, CITEIA, ZERARERDH R

g (Ae|St)
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(1) mgIZHE>TITEY—FZER>S), Ag, Ry, S7—1, Ar—1, R
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Actor-Critic{E
REINFORCE Z LY X L(EUTHILAAEAE)DEIEA
IEY—FAEHLLENEEHTELGLY >TDEZEHAVTEXRES

Voo (A¢|St)
o (At]|St)

T
V6] (©) = Eg,[ ) (Gi—b(S)) |
t=0

T
Vo) (0) = Bromyl ) (Ress + YV (Seen) = U (S0)

t=0

AREITTES MERERY, (S)B=a—F)LRvbT—I TR

Votg (A¢|St)
o (A¢|St)




Actor-CriticiE

Policy
Actor

Output
network

Graph
embedding

px|s(z|s)

MeanAger

BatchNorm
GATConv

BatchNorm

BatchNorm
Linear

Critic

pyis(y|s)

BatchNorm

Pays(¥ls)

Dense connected
feedforward network

I Softmax | I Softmax I l Softmax I

( Linear ][ Linear ]( Linear ]

o Graph
g embedding
'{1
e
M Output
network

BatchNorm
BatchNorm

car '

111

L

BatchNorm

&

Dense connected
feedforward network

Fig.5.3 Actor-critic styled policy network architecture

v(s)

FE%EFRIT NN->Actor

{ffi {E B8 % 3% 9" NN-Critic

51



Actor-CriticiE

(1) mg IPESTITENIAZHY, Ry y 1, Si 12 H/H
(2)FFZItIZEH T HINEEG () EFHH

B)EHL-IM G EZAWNWTAER LFETN\SA—2EH
(AT ARTORAIZHENT(2),3)%#EYIRY

Voo (At|Se)
o (A¢|St)

T
Vo) (6) = Eromol) (Ress + ¥V (Ses1) = Vo (50))
t=0
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[Schultz. W, “Predictive reward signal of dopamine neurons”, journal of Neurophysiology., 1998]
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FHENEREDFERE TRPO
ARBEEDEE 0 < 0+ aVyJ(0)

Actor-Critic
Vot (A¢|Se)

T
vef(9)=mf~n9[;mt+l P Sest) = (S) = cs
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FHENEREDFENE TRPO

BHREICHNZE DT, FEEREILSES
>TRPO(Trust Region Policy Optimization)

EHHIEE R DT B OHERE D (KLEEM AR5 &
SHBEHIEERET S
¥

BRIOEHEICKLIEEN—EEL T ELSHTIDHLETHRES
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***Erom Code to Chip CODMDP® % Jits

* Problem=packing
* State=TILD/INFTA—FDRYLERILE D IEFIFHR (F57)
* Reward=-(HPWL+¥sqgrt(congestion))

e Action=""")yR EDEE (xy) ERILDEED RIE (90/EF . 180]
e.t.c)

Xt
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