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Introduction (1/4)

1. NLP in chemistry

» Unsupervised word embeddings capture latent knowledge from
materials science literature (Tshitoyan et al. Nature, 2019.)
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1. NLP in chemistry

* Mol2vec: Unsupervised Machine Learning Approach with
Chemical Intuition (Jaeger et al. JCIM, 2018.)

Step 1: Generation of Mol2vec embeddings — Step 2: Application of Mol2vec descriptors
unsupervised pre-training as input in supervised ML
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2. Reinforcement Learning in chemistry

» Optimization of Molecules via Deep Reinforcement Learning
(Zhou et al. 2018.)
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2. Reinforcement Learning in chemistry
» Deep Reinforcement Learning for de-novo Drug Design
(Popova et al. Science Advances, 2018.)
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Detour: RL basics (1/8)

1. Markov Decision Process

- 2 gotels 22 axNoR
HES AHSH= 2H S HO|2 [ AR W

« MDP2| T+ d 4+ AA CHAZHX| Y. Eli(state), &S (action),
H &gk (reward), & Elf H 2= S (state transition probability),
Zt 712 (discount factor)

1997: IBM's Deep Blue beats 2011: IBM Watson beats Ken Jennings 2016: Google AlphaGo beats
chess champion Garry Kasparov at Jeopardy Go Champion Lee Se-dol

http://www.theverge.com/2016/3/11/11208078/lee-se-dol-go-google-kasparov-jennings-ai




Detour: RL basics (1/8)

1. Markov Decision Process

* ex) Pac Man

- ¢ Eli(state) : S = {(1,1), ..., (3,3)}

- BS(action) : A = {<,1,-, 1}

- B Mot (reward): R = {+1 or +10 or — 1} ') '

(1,1 | (1,2) | (1,3)

(3,1) | (3,2)

Ry = E[Riy1 | St = 5,4, = 4]




Detour: RL basics (1/8)

1. Markov Decision Process

» ex) Pac Man

(1,1 | (1,2) | (1,3)

(3,1) | (3,2)

- Eff H2t2HE (state transition probability) : ZHTHO| (2, 2)0f RUS I,

(2,3)0 A= s= H2H £ HE




Detour: RL basics (1/8)

1. Markov Decision Process

- JEli(state) : | O|HETI 2HE 7t B T

—

» B S(action) : HO|MET 5 JHOM & = A= A2 B

« Bt (reward) : 2t 80| O O|HEO|A == . O] ET}
sted o+ e R HE

- AEHBIEE (state transition probability) : 0| 0| E 7} Of {3t
HEf sOlM dF5 aS A CHE HEf o’0fl S =HE

« Zt7H& (discount factor) : Z2 EAI0|H LIE0f 2HE =2 J}X| 7}
20|d. O|F s=tH o2 Hoiol/| !¢t 713

11



Detour: RL basics (2/8)

2. Value Function

Q E N
| | | | .
| | | |
— t t+1 t+ 2 t+ k
— Riyq Yt X Riso Yl X Ry,
o« Bt3Hf (return)O| 2t O|O| M ETV} A X2 2t E 2 EfsiH 2h2 H4t

Gt = Rey1 + YReyz + YRz + .

o 7tX| &= (value function)O| 2t Of|O| M E 7} A Ot9| EAS t||:+%
ZAQIX|Of CHSH 7Sk, Of A|SHOFCH ZHO| CH2 7| UH20f| 7|SHZ) AL,

v(s) = E[G|S; = 5] = E[Rey1 + YReyz + V*Regpz + o S = 5]
12



Detour: RL basics (3/8)

3. Bellman Expectation Equation

. c® - e
| | | | i
| | | g
— t+1 t+ 2 t+ k
— Riyq ¥' X Reyo Y1 X Reyi
v(s) = E[Resy1 + YRes2 + Y?Reyz + o |Sp = 5]

py & & M

Rep1+ V(Reyz + V' Repz + )| Sp = 5]
Riv1 + Y(Gerq)| S = 5]
Rev1 + Yv(Ses)| Se = s]




Detour: RL basics (3/8)

3. Bellman Expectation Equation

O E m
| | | |
| | | |
—— t t+1 t+ 2 t+ k
— Riyq Yt X Riso Yl X Ry,

O
O
O
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Detour: RL basics (4/8)

4. Policy
’dH(policy)O| 2t 2= HE{O| A OO|HET & W=

(1,1) | (1,2)

(3,1) | (3,2)

n(al|s) = P[A; = a | S; = s]

cex)(a=3AF|s=(2))=01
mla=2LEZH|s=(22)) =09

15



Detour: RL basics (5/8)

5. Q-Function
« 7tX| 2= (value function)= O ‘2HENOf| CHoF H 2F9| 7| GH

ZF

HA
. F k4~ (g-function)= Of5H “ALEJ’Of| A OftH S 50| YO}t ELX|
e o WS 7HK et e g

(1,1 | (1,2) | (1,3)

(3,1) | (3,2)

— qz(s,a) = E[Rey1 + ¥qr(Sts1, Ary1)| Se = 5, A¢ = a]
__m(als) = P|A; = a | S; = 5]

16



Detour: RL basics (6/8)

6. Bellman Optimality Equation

: TECHR JhX[ 9140 e H7ty S Hoa 1 %
TRZES ) e BASO| ghol KT AR o E2 A

XOofLi= A

- AZFCHH 2[Ho| 7HX| = EA & = USHH?

v.(s) = max[vy(s)]

m.(s,a) & a = argmax q,(s,a)
acA

q(s,a) = E[Re41 + YMaXqu(St4q,a)| Sy = 5, A¢ = al

17



Detour: RL basics

# =7t ™2| & Xp7FRICt
1) MDPS| CFA 7HR] R A L7
2) 7tX|gt=2t? e st O|RE?
3) MO 7| o) wEAI27 o|0] =7
4) ‘HO[2t?
5) At gt?
6) 2| X 2| ZHK| g4 O " H T2 WS 0|92

18



Detour: RL basics (7/8)

/. Temporal Difference Prediction

- OO|HE = &t Z1 228 Soll =0T FHof| Cfat
JtX|et=E o5 = U5, 0|2 0| F(prediction)O| 2t 2t

v.(s) = max[vy(s)]

v,(s) = maaXE[Rt+1 + yu.(Ser1)| Se = 5,4 = 4]

« Lo VK| E EUE JMZ FUSU0| DM AF L7 £[H 9
M2 stge = A=, 0| = M O (control)2t 2 &t

m.(s,a) &< a = argmaxq,(s,a)
acA

q+(s,a) = E[Reyq + VH}IE}XCI*(St+1»a’)| St =5, Ay = a]

19



Detour: RL basics (7/8)

/. Temporal Difference Prediction
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Detour: RL basics (7/8)

/. Temporal Difference Prediction
- MO HO|E 7ot o 20 JHel |

S
o ‘o™
= o IT Ol O + H O =
'IIZ_I|EE )|\:HEEC'>IE OHkl E‘TEEQ 7H—I‘E

#s! MonteCarlo Simulation - Finding PI = O X

.
oo

CAl AlZE N = 6954, In = 5365, Out = 1589 PI = 3.08599367270636




/. Temporal Difference Prediction

Detour: RL basics (7/8)

HXetrE =8 M= OO|HEZE 2HE 0 ot oo A= T

2| &)
d O O
e () O
C{—r' E
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Detour: RL basics (7/8)

/. Temporal Difference Prediction

S1| s, S3

G(sy) =r + yrp + vors +v°n
G(sy) =mp + yrs + v’

G(s3) =r3+ yry

G(sy) =14

23



Detour: RL basics (7/8)

/. Temporal Difference Prediction

S1| s, S3

> O =0
© G(sp)=n+ yn+ vy rnt+yn

4 |5 G(sy) =ry+ yrs + y°ny
T4 1 G(s3) =13+ yry
G(sy) =14

1 N(S)G
v~ oy D, G
N(s) £ MEf 2 of2{gio] o m 2= Sot



Detour: RL basics (7/8)

/. Temporal Difference Prediction

N(s)

G i(s)

Un(s) ~ N(S)

Vea(s) = ZG ( nzl )

i=1
= (6n

= X6, + =1
n

1
=Vp + ;(Gn — Up)

2 V(s) < V(s)+ a(G(s) —V(s))

)

a: learning rate

25



Detour: RL basics (7/8)

/. Temporal Difference Prediction

V(s) «V(s)+ a(G(s) — V(S))

|

v(s) =

E

E
E

Riy1 + YReyo + Y*Rpyz + o IS = 5]

E[Rey1 + YRz + Y'Reyz + )| Sp = 5]

Riy1 + yv(Sep )| S =5

Rirq + ¥(Geiq)| Sp = 5] > Ht%}+740| 71 SHX|
|

|

V(S) «V(S)+ a(R+ yV(Siy1) —V(s))

26




Detour: RL basics (7/8)

/. Temporal Difference Prediction
o rEtM A[ZEA O 52 O JE0M dss otH 2= 2D
Cr= SEHE YA Z[ 2 Cr= eS| 7t X[ =ef YA =l B¢
%S YHO|ES S22 Hd=Chs A0l Y S =

V(Se) <« V(S) + “(R + YV (St41) — V(S))

St St+1
A; 5
| I >
| | g
t t+1
V(Se) V(St+1)
Rivq .




Detour: RL basics (8/8)

9. Q-Learning
- A2 d2 00| HEY LIS HEIE c’*71IEI

TErS

SR) Feto| YH[0[E0] AR

St+1

> O

Q(St'A

t+1

t) - Q(St+1: At+1)
Rt+1

Q(St;

A) <

Q(St)

A+ a(R + ymaxy, Q(Siyq,a’) —

SENOIAM 7t 2

Q(St'At))

28



Detour: RL basics

1) A|ZHX} O F0(2k? at& 1P 272
2) 7e{'do|2k?

29
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* DQN

30



DQN

1. Deep Q-Networks

* Playing Atari with Deep Reinforcement Learning
(Minh et al. NIPS Deep Learning Workshop, 2013.)0]| A7 =l L&

Q(S:, Ap) < QS A4p) + a(R + ymaxg, Q(Se41,a’) — Q(St»At))

- 07| Qixs 25 E8= 0|80t Held YH2=E ot A

31

https://arxiv.org/abs/1312.5602



DQN

2. Cartpole
« OpenAl GymOf| A XS 3SH=

A—I——I—
SEexkel

5
o

32



DQN

2. Cartpole

» Markov Decision Process (MDP)

1) JEli(state) : 7tEL| K|, £, 22| 4 &,

= [x,x, 0, 9]

13

(1)

2) WS (action) : 1ZF(0), LE

= [« =]

2t
A

A
==

33



DQN

2. Cartpole

» Markov Decision Process (MDP)

w
N

OJHF»Q-‘R

E=0{, 10 & HE[H E&2 +10
7| THR{7F Z=7F ofL| 2} Ef U A E
CH S00EFRIAEINA| HE = /U S.

ZH0f| ZIEZ 0] 2 2{X|H -100

B (reward) : 7ZtEZ 0| AHX[X| pf1d HE[= AlZE

E&2 +500

34



DQN

2. Cartpole

» Markov Decision Process (MDP)

4) Zt 712 (discount factor) : Q&r=0i| CH$t discount

- 0.99

35



3.3 A0

DQN

o

* Environments

1 # CarPole-v1 A, v1E2 F|(} E}& AEl 500, vO= Z|C} EFe! AEl 200
env = gym.make( CartPole-v1")
state size = env.observation space.shape[0] # 4

action_size = env.action _space.n # 2
print(“state_size:", state_size)
print("action _size:", action_size)

~

\

N
N
o
o
)
o
S
N

- CartPole-v0 1t v12| X}O|= X|CH EfRJAEQ| =
- state_size =4 (7IE2| §X|, &, 29| L4k, 2

7|
- action_size =2 (}1Z 22 82l0|7|, RQEZC=Z

36



DQN

3.0 MO

1 DAQNAgent :

* Training

1 # DON Of|O| 8 E M A
2 agent = DQNAgent(state size, action_size)

-DQN £d8& 7HX
- 0| I agentE

- DQN Agent ?7?7?

B
Agent = DQNAgent() (\M /}
~ 37

https://wikidocs.net/28



) =] DN = O —

y (O QO

-] MN N —= O

)
)
)
)

<
a
J
(o)
J

2 Aef
state_size &
e = action_size

4
¥ 2

DQN

- =

def _init_ (): 22 E A8
I*

e MIUE

1 # DON Ol|O0| ™ E M A

2 agent = DQONAgent(state _size, action_size)

ol Al decay =
220 20|83 JMHFE &5
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-] DN = O —

YO OO -

b
—r )

—
Lo N

eps | lon mi
start :

n

=2 A9

= state_size

action_siz

¥
e

4
¥ 2

DQN

| SolAIH decay &

2001 20| HTE B
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DQN

3.0 MO

self.epsilon = 1.0 # epsilonO] 10|H &7

) NI - self.epsilon_decay = 0.999
Tralnlng > Agent self.epsilon_min = 0.01 # X|&£A 0| &S

- epsilon0f| epsilon_decay

A SE MY BAte

T Mo
>

Ir oh
els
2
(D
©
@
>
-
N
|0
bl
N
o
Il

o 0% N 0

- epsilon #f= epsilon_min
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DQN

-] DN = O —

=2 A9

= state_size ff
= = action_size

K2

YO OO -

b
— e

=
o N

eps i lon min
start :




3_ _—T'l_E AE-I %:l self.batch size = 64
self.train_start = 1000
* Training -> Agent
9 9 # 2240 H22. =CH=a2| 2000
2) # deque : 7| AZOA &) AMHIDL JF=
self._memory = deque(maxlen = 2000)
ME(s,a,rs’) o HE(s,a,r,8)
| (s,a,r,s’)
(s,a,rs’)
Oilo Iij HE B B
(BB
st& H|O|H [~ Batch (s,a,rs’)

Replay Memory 42



DQN

-] DN = O —

=2 A9

= state_size
= = action_siz

YO OO -

b
— e

=
o N

eps i lon min

art -




510
40
41
42
43
44
45
46
A7
43
49

3.0 MO

* Training -> Agent

# he uniform :
i OtsX =02t
bui ld_model (self):
model = Sequential ()
model .add(Dense(24, input _dim = self.state size. activation = ‘relu’, kernel _initializer =
model .add(Dense(?4, activation = ‘relu’. kernel _initializer = "he_uniform"))
model .add(Dense(self.action size, activation = 'linear'. kernel initializer = "he uniform'))
model . summary()
model .compile(loss = 'mse’, optimizer = Adam(Ir = self.learning rate))
mode |

v
v
v

®
v
v
v
v

O

O
v
v
v
v
O

v
v
v

Q-values
States Hidden Layer Hidden Layer Hidden Layer

‘he uniform'))

44
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DQN

-] DN = O —

=2 A9

= state_size
= = action_siz

YO OO -

b
— e

=
o N

eps i lon min

art -




3.

DQN

AE MY

* Training
# &S 82| & A7t T

a. =22 ZQs 0|9 =2

b. Epsilon Greedy AlgorithmO|£t? Z 25t 0| =7

c. Replay MemoryZt? E 23t 0|
d. Target NetworksZt? 2 8t O| &7

47



DQN

3.0 MO

* Training

1 scores, episodes = []. []

2

3 N_EPISODES = 300

i| e range (N_EP1SODES) :

3 done =

b score = 0

y

8 # env =79}

9 # state®] 2QF : 4

10 state = env.reset()

11 I state?] QF - 4 > 1 x 4

12 state = np.reshape(state, [1, state size])
- scores : reward= o O|| I| A E e O(CH M&St= H
-reward Hay= Al HHE 7| {20 HO|E /6K scores HTE ALE

- episodes : Y| I|A~E HZ Z K&

- scores2 episodesE 2| A E(list)2 MASIE O|F+= FOM OA2jmE
ae2|7] fIsiAM Y.

- ex) scores: [ 43, 42, 88, 125, 44, ...] / episodes: [0, 1, 2, ...]



DQN

AC MY
* Training

1 scores, episodes = []. []

N_EPISODES = 300
e range(N_EPISODES) :
done =
score = 0

# state®] 2QF : 4
state = env.reset()
I state?] QF - 4 > 1 x 4

2
3
i|
5
6
7
8 # env =79}
g
10
11
12

state = np.reshape(state, [1,

episode:
episode:
episode:
episode:
episode:
episode:

state size])

49



DQN

3.0 MO

* Training

1 scores, episodes = []. []

N_EPISODES = 300
e range(N_EPISODES) :
done =
score = 0

# env =79}

# state®] 2QF : 4

state = env.reset()

I state?] QF - 4 > 1 x 4

state = np.reshape(state, [1, state size])

2
3
i
9
6
1
8
g
10
11
12

- state = env.reset() : 5= ¢t statedt 7|3t Y2 4

- Sh&5 0| MOIE Q¢ statel] RYS 4 -> 1 x 42 BTt
(5Ol M REM|S] E e

- 320 4: 1, 2, 3, 4]

- 220 1x4:[[1,2,3,4]] 50



DQN

3.0 MO

* Training

# done : false QICHI} oF QU ACED ZLIH Truex2 HE2
done:
# render = True O|H St&5AHA B S
agent.render:
env.render ()

¥ o] AlEllE =S MEH
action = agent.get action(state)

-done : L AE S22 A= False. O L AE7F ELHH True

- while not done : done= False, not done< True. while True=

- B8HkE BICEI} doneOl True 2 HI B WIA{LEQ D O} ofmjA

-render : True™ St5F & & = UZ. colabOf| M X[ RHSEA] Bi=
(Pycharm!)
- 517} stateO| A get action =5 E8f HSZ2 AH

- agent.get_action ?7?

91



DQN

3.0 MO

. Tralnlng -> Agent

get_action(self, state):
#2<=3: ”“”H*wﬁ}'\m 4Wl}i‘WW*P—ETHHH1FI
i u;,.[mum rand() : O~1 ARO i/ np .random.rand(5) : O~1 }H\
% random.randrange(5) : 0O~{ S| &<~ / random.randrange(-5,5) :
np.random.rand(} <= self .epsi |
random. randrange(self .action_size)

i g value = [[-1.3104991 —1.6175464]
QC [ }:

]

J_Va lue [[i:‘] = [_1 ’ I 61754 Jiﬂ

i np.argmax(g_value[0] ) = —-1.3104991

g_value = self.model .predict(state)
np .argmax(q_value [0] )

- np.random.rand() : 0~1 AtO| 2| A= 17|

- self.epsilon : O}/ Z3M & Epsilon Greedy Algorithm2| epsilon %k

- &, epsilonzfO| G AW 22| HS(RZF or LEZ L= F2/0[7])
- 17 ofL 2t ALt 1ol QifE & O & WS et
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self.batch_size = 64

3 _—_l — AE-| |:|:| self.train_start = 1000
) o # 21=0] M=2l. = 37| 2000
. . # deque : 7O 2AUZZOA e AMNIDE Jts
d Tl’alnlng self.memory = deque(maxlen = 2000)
# clSd0] M2l ME <s.,a.r,s > A&
agent.append sample(state, action. reward, next state. done)

# 0§ EtlABIDICE BHS S
# self.train_start = 1000
# 0|2 ol= 0|8 = DONOIA = BRI 2 SH&ol2| TSR0 MHZ20] A T 2y PHA| 2|1CHHA0F o2 | 2.

len(agent.memory) >= agent.train start:
agent.train _model ()

score += reward
state = next state

MZE <s,a,r, s, done>= 2| 20| H22|0| =7t
- Qtof 2N E 24 MHEH ME 1000717 2O|H &5 A|E

- train_model() ??7?
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i l%z t%'l 220l BHX] AtOlZ= BHS 4

r*] ||C~:3|4:l'

self eps I| n > self.epsilon_min:
self.epsilon *= self.epsilon_decay

(=]

¥ H220A ix|] 22|8t=

#f mini_batche| 22 64 x 5

¥ np. 'm|nJ_tjt_tﬁ

minl_batch random.samp |le(self .memory, self.batch_size)

0 =) = = —

0 C0 C0 O

I
o

¥ 2o | =0l
¥ model . Tlf"i ates
If”t t1 m

¥ np 2
states = np 5 _size, self.state_siz }) ¥ 64 x 4
next states = np _cr-"'self batch_size, self.state_size)) # B4
actions, rewards, dones = [], [], []

]':

0 O

e =
—~+

0 Q0 (
M=) —= O
T
(75
{1

Lo o o e I e )

i i~t «;;~ui am;\H"elt. state, action, reward, next_state, done):
it 64
X3 : np.sha

i rﬂnlwkself batc h ~|_cJ-

states[l] = mini_batch[i][0]

1[1
][
[i

1]

0 C

D D ()
D =-JO M W) — O W[

actions.z d{mini_batch[i
rewards .append(mini _batch[i
= mlnl batch

[«

O O O C

)

)
]3]
)

O«
O«

t target = OIFH 2EfO] CHer REQ| et
target_val = CtS teiOfl CHSF ErN BE9O| Rt
sel|f.model = self.build_model()

sel|f.target_model = self.build_model()
target 2| size: 64 x 2
target_val 2| size : B4 x 2
target = 8clf.mudcl.predict(states)
target_val = self.target_model.predict(next_states)

ﬁ%@iﬂi@E!%
,ﬁf amax r—-\rT_‘ arral L=
i ran'w\self batch_size):
# actions[i] : 0 or 1
il ¢ False or True

target[t][actions[i]] rewards[i]

target[il[actions[i]] = rewards[i] + self.discount_factor * (np.amax(target_vall[i]))

.\ verbose = 0)



i 2l =20 DHSE 2l 0l BHX] AtO|= OFS F2
train_model(self):
self epsilon > self.epsilon_min:
self.epsilon *= self.epsilon_decay

(=]

¥ H220A ix|] 22|8t=

#f mini_batche| 22 64 x 5

¥ np. 'm|nJ_tjt_tﬁ

minl_batch random.samp |le(self .memory, self.batch_size)

0 =) = = —

0 C0 C0 O

I
o

¥ 2o | =0l
¥ model . Tlf"i ates
If”t t1 m

¥ np 2
states = np 5 _size, self.state_siz }) ¥ 64 x 4
next states = np _cr-"'self batch_size, self.state_size)) # B4
actions, rewards, dones = [], [], []

]':

0 O

e =
—~+

0 Q0 (
M=) —= O
T
(75
{1

Lo o o e I e )

i i~t «;;~ui am;\H"elt. state, action, reward, next_state, done):
it 64
X3 : np.sha

i rﬂnlwkself batc h ~|_cJ-

states[l] = mini_batch[i][0]

1[1
][
[i

1]

0 C

D D ()
D =-JO M W) — O W[

actions.z d{mini_batch[i
rewards .append(mini _batch[i
= mlnl batch

[«

O O O C

)

)
]3]
)

O«
O«

t target = OIFH 2EfO] CHer REQ| et
target_val = CtS teiOfl CHSF ErN BE9O| Rt
sel|f.model = self.build_model()

sel|f.target_model = self.build_model()
target 2| size: 64 x 2
target_val 2| size : B4 x 2
target = 8clf.mudcl.predict(states)
target_val = self.target_model.predict(next_states)

ﬁ%@iﬂi@E!%
,ﬁf amax r—-\rT_‘ arral L=
i ran'w\self batch_size):
# actions[i] : 0 or 1
il ¢ False or True

target[t][actions[i]] rewards[i]

target[il[actions[i]] = rewards[i] + self.discount_factor * (np.amax(target_vall[i]))

.\ verbose = 0)



A

# mini_batch® 22f: 64 x 5
# np.shape(mini_batch)
mini_batch = random.sample(self.memory, self.batch size)

# Ao UI0IEE HIXIZ2 M2 DOLA 8 Bloj| XI3H

# model .fit(states, target)O| = states= HX|

1A # [etA np.zerosS A0l states@ SEHS HHX| S EH
* Tralnlng -> Agent # np.zeros( (2, 3) ) : 2x3 galid

states = np.zeros((self.batch size, self.state size)) #
next_states = np.zeros((self.batch size, self.state size
actions, rewards, dones = [], []. []

Mini Batch

States Next States
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i 2l =20 DHSE 2l 0l BHX] AtO|= OFS F2
train_model(self):
self epsilon > self.epsilon_min:
self.epsilon *= self.epsilon_decay

(=]

¥ H220A ix|] 22|8t=

#f mini_batche| 22 64 x 5

¥ np. 'm|nJ_tjt_tﬁ

minl_batch random.samp |le(self .memory, self.batch_size)

0 =) = = —

0 C0 C0 O

I
o

¥ 2o | =0l
¥ model . Tlf"i ates
If”t t1 m

¥ np 2
states = np 5 _size, self.state_siz }) ¥ 64 x 4
next states = np _cr-"'self batch_size, self.state_size)) # B4
actions, rewards, dones = [], [], []

]':

0 O

e =
—~+

0 Q0 (
M=) —= O
T
(75
{1

Lo o o e I e )

i i~t «;;~ui am;\H"elt. state, action, reward, next_state, done):
it 64
X3 : np.sha

i rﬂnlwkself batc h ~|_cJ-

states[l] = mini_batch[i][0]

1[1
][
[i

1]

0 C

D D ()
D =-JO M W) — O W[

actions.z d{mini_batch[i
rewards .append(mini _batch[i
= mlnl batch

[«

O O O C

)

)
]3]
)

O«
O«

t target = OIFH 2EfO] CHer REQ| et
target_val = CtS teiOfl CHSF ErN BE9O| Rt
sel|f.model = self.build_model()

sel|f.target_model = self.build_model()
target 2| size: 64 x 2
target_val 2| size : B4 x 2
target = 8clf.mudcl.predict(states)
target_val = self.target_model.predict(next_states)

ﬁ%@iﬂi@E!%
,ﬁf amax r—-\rT_‘ arral L=
i ran'w\self batch_size):
# actions[i] : 0 or 1
il ¢ False or True

target[t][actions[i]] rewards[i]

target[il[actions[i]] = rewards[i] + self.discount_factor * (np.amax(target_vall[i]))

.\ verbose = 0)



DQN

# def append sample(self, state, action. reward, next state. done):

# mini_batch® 2¢f: 64 x 5
# actions® 2 QF : np.shape(actions)
3_ q| - AE-I %:l i range(sel f.batch size):
states[i] = mini_batch[i][O
actions.append(mini_batch[i

° Tra|n|ng -> Agent rewards.append(mini_batch[i

next states[i] = mini_batch

|++

A

Mini_batchli][O]

=
X

x\l
D
Q?.

Mini_batchl[i][1

Mini_batch(i]

N

S| |d[V]|S

Mini_batch(i]

[

P

Mini_batchli

24%

States
Mini Batch
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i 2l =20 DHSE 2l 0l BHX] AtO|= OFS F2
train_model(self):
self epsilon > self.epsilon_min:
self.epsilon *= self.epsilon_decay

(=]

¥ H220A ix|] 22|8t=

#f mini_batche| 22 64 x 5

¥ np. 'm|nJ_tjt_tﬁ

minl_batch random.samp |le(self .memory, self.batch_size)

0 =) = = —

0 C0 C0 O

I
o

¥ 2o | =0l
¥ model . Tlf"i ates
If”t t1 m

¥ np 2
states = np 5 _size, self.state_siz }) ¥ 64 x 4
next states = np _cr-"'self batch_size, self.state_size)) # B4
actions, rewards, dones = [], [], []

]':

0 O

e =
—~+

0 Q0 (
M=) —= O
T
(75
{1

Lo o o e I e )

i i~t «;;~ui am;\H"elt. state, action, reward, next_state, done):
it 64
X3 : np.sha

i rﬂnlwkself batc h ~|_cJ-

states[l] = mini_batch[i][0]

1[1
][
[i

1]

0 C

D D ()
D =-JO M W) — O W[

actions.z d{mini_batch[i
rewards .append(mini _batch[i
= mlnl batch

[«

O O O C

)

)
]3]
)

O«
O«

t target = OIFH 2EfO] CHer REQ| et
target_val = CtS teiOfl CHSF ErN BE9O| Rt
sel|f.model = self.build_model()

sel|f.target_model = self.build_model()
target 2| size: 64 x 2
target_val 2| size : B4 x 2
target = 8clf.mudcl.predict(states)
target_val = self.target_model.predict(next_states)

ﬁ%@iﬂi@E!%
,ﬁf amax r—-\rT_‘ arral L=
i ran'w\self batch_size):
# actions[i] : 0 or 1
il ¢ False or True

target[t][actions[i]] rewards[i]

target[il[actions[i]] = rewards[i] + self.discount_factor * (np.amax(target_vall[i]))

.\ verbose = 0)
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3. 4E A target_val 2 Ct2 AFEHOI CHaE EF2A
) self.model = self.build model ()
Lo self.target_model = self.build_model ()
* Training -> Agent target ©| size: 64 x 2

target val ©| size : 64 x 2
target = self.model .predict(states)
target_val = self.target _model .predict(next_states)

d1| 42 d1| 92

target target val
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i 2l =20 DHSE 2l 0l BHX] AtO|= OFS F2
train_model(self):
self epsilon > self.epsilon_min:
self.epsilon *= self.epsilon_decay

(=]

¥ H220A ix|] 22|8t=

#f mini_batche| 22 64 x 5

¥ np. 'm|nJ_tjt_tﬁ

minl_batch random.samp |le(self .memory, self.batch_size)

0 =) = = —

0 C0 C0 O

I
o

¥ 2o | =0l
¥ model . Tlf"i ates
If”t t1 m

¥ np 2
states = np 5 _size, self.state_siz }) ¥ 64 x 4
next states = np _cr-"'self batch_size, self.state_size)) # B4
actions, rewards, dones = [], [], []

]':

0 O

e =
—~+

0 Q0 (
M=) —= O
T
(75
{1

Lo o o e I e )

i i~t «;;~ui am;\H"elt. state, action, reward, next_state, done):
it 64
X3 : np.sha

i rﬂnlwkself batc h ~|_cJ-

states[l] = mini_batch[i][0]

1[1
][
[i

1]

0 C

D D ()
D =-JO M W) — O W[

actions.z d{mini_batch[i
rewards .append(mini _batch[i
= mlnl batch

[«

O O O C

)

)
]3]
)

O«
O«

t target = OIFH 2EfO] CHer REQ| et
target_val = CtS teiOfl CHSF ErN BE9O| Rt
sel|f.model = self.build_model()

sel|f.target_model = self.build_model()
target 2| size: 64 x 2
target_val 2| size : B4 x 2
target = 8clf.mudcl.predict(states)
target_val = self.target_model.predict(next_states)

ﬁ%@iﬂi@E!%
,ﬁf amax r—-\rT_‘ arral L=
i ran'w\self batch_size):
# actions[i] : 0 or 1
il ¢ False or True

target[t][actions[i]] rewards[i]

target[il[actions[i]] = rewards[i] + self.discount_factor * (np.amax(target_vall[i]))

.\ verbose = 0)



#EDE 5 grAlS ol Zst ot

# amax €= array @ X3S

i range(sel f.batch_size): #7 7 ;
3 s Y A H e e
R . = O # dones[i] : False or True
dones[i]:
’Fal‘get[i][actions[i]] rewards/[i]
¢ Tralnlng _> Agent {arget[i][actions[i]] rewards[i] + self.discount factor * (np.amax(target val[i]))

1) If dones[i] == False / &, 2t O| I~ E=7} OF&] ELEX| @S

-else 202 S0

d1| 42 d1| 492

target target val
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#EDE 5 grAlS ol Zst ot

# amax €= array @ X3S

i range(self.batch_size):
H # actions[i] : 0 or 1
‘@) # dones[i] : False or True
dones[i]:
target[i][actions[i]] = rewards[i]

¢ Training _> Agent {arget[i][actions[i]] rewards[i] + self.discount factor * (np.amax(target val[i]))
2) If donesli] == True /5, 2t O T[AE7 E5S

[ fRoz so{Z

3. 3Cc A

d1| 42 d1| 492

target target val
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i 2l =20 DHSE 2l 0l BHX] AtO|= OFS F2
train_model(self):
self epsilon > self.epsilon_min:
self.epsilon *= self.epsilon_decay

(=]

¥ H220A ix|] 22|8t=

#f mini_batche| 22 64 x 5

¥ np. 'm|nJ_tjt_tﬁ

minl_batch random.samp |le(self .memory, self.batch_size)

0 =) = = —

0 C0 C0 O

I
o

¥ 2o | =0l
¥ model . Tlf"i ates
If”t t1 m

¥ np 2
states = np 5 _size, self.state_siz }) ¥ 64 x 4
next states = np _cr-"'self batch_size, self.state_size)) # B4
actions, rewards, dones = [], [], []

]':

0 O

e =
—~+

0 Q0 (
M=) —= O
T
(75
{1

Lo o o e I e )

i i~t «;;~ui am;\H"elt. state, action, reward, next_state, done):
it 64
X3 : np.sha

i rﬂnlwkself batc h ~|_cJ-

states[l] = mini_batch[i][0]

1[1
][
[i

1]

0 C

D D ()
D =-JO M W) — O W[

actions.z d{mini_batch[i
rewards .append(mini _batch[i
= mlnl batch

[«

O O O C

)

)
]3]
)

O«
O«

t target = OIFH 2EfO] CHer REQ| et
target_val = CtS teiOfl CHSF ErN BE9O| Rt
sel|f.model = self.build_model()

sel|f.target_model = self.build_model()
target 2| size: 64 x 2
target_val 2| size : B4 x 2
target = 8clf.mudcl.predict(states)
target_val = self.target_model.predict(next_states)

ﬁ%@iﬂi@E!%
,ﬁf amax r—-\rT_‘ arral L=
i ran'w\self batch_size):
# actions[i] : 0 or 1
il ¢ False or True

target[t][actions[i]] rewards[i]

target[il[actions[i]] = rewards[i] + self.discount_factor * (np.amax(target_vall[i]))

.\ verbose = 0)



DQN

self.batch_size = 64

3 :l - AE-I D:| self.train_start = 1000
) o # 21=0] M=2l. = 37| 2000
o ¥ deque : O AZ0|AM & AHHIDL JOts
° Tra|n|ng self.memory = deque(maxlen = 2000)
# clSd0] M2l ME <s.,a.r,s > A&
agent.append sample(state, action. reward, next state. done)

i 0 EtAASDICT StS=
# self.train _start = 1000
# Ol of= Ol5= DONOI|Al = BHXIZ2 stSol)| =0l MH=0] =™ S 2 PHAl V| CiH OF o 2| =.

len(agent.memory) >= agent.train start:
agent.train _model ()

score += reward
state = next state
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# 28 HiI===SNHER e S
agent . update_target _model ()

pylab.plot (episodes, scores, 'b')
0s.path. ' -aph")
0S. makedi : )
oylab: Fig(". i tpole_dan.png")
print(“ep , B, ", score, " memory :", len(agent .memory), " epsilon:", agent.epsilon)

#O|& 1000 TS0 A4 BR0| 490=2CH
® np.mean([1, 2, 3 L) n an() : =

nin([1, 2, 3]) f min ¢

- DO B QO

Tull

0S. i
0S. makedir
agent .model . s

sys.exit()

(e N

-] =J=JCNnNCh OO

~N —
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