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6 cTeneHel noaBuXHOCTU: 5 crm6oB NanbLUEB 1 OAHA NEPEHOCHAas B /IOKTE. 6 TEH30METPUYECKUX
AAaTUMKOB Ha KOHYMKAX ManbLEeB 1 NocepeanHe NagoHu.



3anaqa po60Ta: OnNMpPasachb TOMbKO Ha TaKTUMNbHYIO
oOpaTHYIO CBSI3b, 3aXBaTUTb NMOMELLEHHbIN B pabouyto 30HY
npeamer.

1. nouck npeagmeta B pabouyen 30He
2. YCTOW4YMBbI 3axBaT



Oby4eHune ¢ nogkpensieHnem
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bas3oBble NMOHATUSA

MapkoBCKMIn NpoLecc NPUHATUA
pPeLleHUN:

- MPOCTPAHCTBO COCTOAHUN S

- MNPOCTPAHCTBO AencTeuii A

- BEPOSATHOCTb Nepexoga p(s’ | s, a)
- dyHKkuma Harpagbl R(r’ | s, a)

- ckmgka 0 <y <1

cTpatervs :
m(s): S — A

Lileslb areHTa — MakCMMmn3saLms
CYMMapHOI Harpagbi:

T
> '
t=0



bas3oBble NMOHATUSA

dYHKLUMSA LEHHOCTM coCTOsSAHMS V(S):

T
V7T(s) = E[Z V] Vse S
t=0

CyLLEecTBYyeT onTuMasibHasa pyHKLUNSA
LLEHHOCTM W ONTUManbHasa cTpaTerns

V¥(s)=maxV"™(s) VseS

v

™ =argmaxV"(s) VseS

s

dyHKUMA LeHHocTn genctenga Q(s, a):
Q:SxA—->R

onTumanobHaa Q onpegensaer,
HaCKOJIbKO BbIFrO4HO areHTy BbiOpaTh
AEeNCTBUNE @ U3 COCTOAHUSA S

V*(s) = max Q*(s.a)

7(s) = argmax Q(s,q) Vs € S



YpaBHeHne bennmaHa

Q*(s,a) = R(s,a) +yE 4[V*(s)]

Q*(s,a) = R (s" | s,0)V*(s")

value iteration

Initialize V (s) to arbitrary values
Repeat
Foralls e S
Forallae A
Q(s,a) — E[r|s,al +yDgesP(s'|s,a)V(s)
V(s) — maxg Q(s,a)
Until V(s) converge

policy iteration

Initialize a policy 1" arbitrarily
Repeat
T
Compute the values using 1 by
solving the linear equations
VT (s) = E[r|s, m(s)] +y XgesP(s'|s, m(s))VT(s)
Improve the policy at each state
' (s) — argmaxg (E[r|s,al + y >gesP(s'|s,a)VT(s))
Until T = 1’




ANropuTmbl

Q-learning

DQN (Deep Q-Network)
DDPG (Deep Deterministic
Policy Gradient)



Qit+1(s, a) = (1—a)Qi(s, a)+aQups(s, a)

Qobs(sa a) = Ri(sa a)"")” max Qi(s,: a,)

a



DQN (Deep Q@-Network)

Q(S, a, 9) ~ Q*(S, a') — HelipoHHas ceTb Q-ceTb C Becamu O
Lz(gz) — ]Es,a[(yi - Q(S: a, 92))2] , rge

Y, = Es_.a_;sf[(R + i Hl‘c}X Q(S,, a.,; 92)) | S, a.] OuddhepeHumpyem no Becam 0O:
(1

VOLZ(OZ) — Es,a;s’[(R_'_fY Inafr}XQ(Sla a,; Oi)_Q(S,a (1,,; H'i))VOiQ(S? a, 92)]

+ experience replay



DQN (Deep @-Network)

Algorithm 1 Deep Q-learning with Experience Replay

Initialize replay memory D to capacity N

Initialize action-value function () with random weights

for episode = 1, M do
Initialise sequence s; = {z} and preprocessed sequenced ¢ = ¢(s1)
forti =1,1Tdo

With probability € select a random action a;

otherwise select a; = max, Q*(¢(s¢),a; )

Execute action a; in emulator and observe reward r; and image x;41
Set s¢+1 = St, G, T14+1 and preprocess @11 = O(St4+1)

Store transition (¢¢, at, ¢, ¢r41) in D

Sample random minibatch of transitions (¢, a;,7;, ¢;4+1) from D

S . for terminal ¢;41

S = r;i +ymaxy Q(Pj+1,a’;0) for non-terminal ¢

Perform a gradient descent step on (y; — Q(¢;, a;; c9))2 according to equation 3

end for
end for

Mnih V. et al. Playing atari with deep reinforcement learning //arXiv preprint arXiv:1312.5602. — 2013.



DDPG (Deep Deterministic Policy Gradient)

IMnax Q* (S, (1,) ~ CQ(S7 ,L[,(S)) DDPG — Q-learning ans HenpepbIBHbIX NPOCTPAHCTB AEACTBUIA
a
Q*(Sa (L) - ES’NP[T(Sﬁ a) +7 HlaE/lX Q*(S/a a',)]
Q(S, a | Qq) ~ Q*(S’ a,) — PYHKLNA-aNMPOKCUMATOP HENMPOHHAA CETb-KPUTUK

B cpepe 6epetcsa Habop D nepexonos (s, a, r, s, d), d=1, ecnmn coctoaHmne KoHe4Hoe, n d=0,
eC/In HeT.

CpepgHekBagpaTnyHasa owmnbka bennmana:

L(0", D) = E(s.a5.0)~0[(Q(s,a | 07) — (r + (1 — d) max Q(s', a’ | 67)))’]



DDPG (Deep Deterministic Policy Gradient)
r—+ ’Y(l - d) max Q(S’, a | 9q) — Le/1b, 3aBUCUT OT 0Oy4aeMbIX NMapamMeTpoB.
a

/.
Wcnonbayetcs cetb-uens ' (s.a | 82) , otcratowas ot s.a | 09). O6rosnsetcs
7 4
eVHOXbl 3a LMK 00yYeHUs:

oy = 70!+ (1 7)o

/ J
Ina pacueta MakcMmyma Q MCNoOb3yeTCca ceTb-Le/lb akTepa [t (8 | o' ) Torga owmnoka:

L(6%, D) = Es ar5.a)~p[(Q(s,a [ 87) = (r +7(1 = d)Q'(s, 1 (s | ) | 67)))?]

[lns nowcka ctpaterum ’u(g | 9'“’), MaKCUMU3NPYIOLLEV Q(S, a | Qq) , 0OCTATOYHO
COBEPLLUTL BOCXOXAEHMWE MO FPagneHTy:

max E,.p[Q(s, u(s | 07) [ 67),



DDPG (Deep Deterministic Policy Gradient)

Algorithm 1 DDPG algorithm

Randomly initialize critic network Q(s, a|0%) and actor (s|0#) with weights % and 0+
Initialize target network Q’ and i’ with weights 09 « 69, 9" « g
Initialize replay buffer R
for episode = 1, M do
Initialize a random process A for action exploration
Receive initial observation state s
fort=1,Tdo
Select action a; = p(s¢|0*) + N; according to the current policy and exploration noise
Execute action a; and observe reward r; and observe new state s;41
Store transition (sy, ay, ry, Sy41) in R
Sample a random minibatch of N transitions (s;, a;, 74, $;+1) from R
Sety; = 7i +YQ' (Si1, 1/ (511|6*)|09")
Update critic by minimizing the loss: L = + Y. (y; — Q(si, a;]09))?
Update the actor policy using the sampled policy gradient:

1
Voud =~ N Z VGQ(“;’ a|0Q)|s=s¢,a=u(si)vf)“/l'(slay)lsi

Update the target networks:
09 709 + (1 —1)09
O 76 + (1 — )"

end for
end for

Lillicrap T. P. et al. Continuous control with deep reinforcement learning //arXiv preprint arXiv:1509.02971. — 2015.



® COCTOSIHME S — BEKTOP 3HaYeHUN
C gatumkoB gaBnenus, 0 <s <1[H]
® [1EeNCTBME @ — BEKTOP CKOPOCTEN
nanbues, -10 < a <10 [paa/c]
e HarpagaR
O  CUMMMEeTpUYHaa — Ccymma
3Ha4YeHu ¢ JaTYnNKoB
AaBneHuns

6
R = E S
(@) ACUMMETPUYHHGA — CYMMa
3Ha4YeHUm c 0aT4YHNKOB

AaBNEeHUS C NMOoNpaBKoW Ha
paccTosiHMe A0 umnmHapa
6 5)

DDPG R=Y s;—0)> (r—u)
i= i—1

Deep Deterministic Policy Gradient 1

cocrosiHue (S)

narpaza (R)

neticteue (a)




aKkTep + Konud

COCTOAHNE S

KPUTUK + KONnd
COCTOAHME S

input:

[(None, 6)]

input_2: InputLayer
output:

[(None, 6)]

'

input: (None, 6)
dense_3: Dense

output: | (None, 40)

input: | (None, 40)
dense_4: Dense

output: | (None, 40)

input: | (None, 40)
dense_5: Dense

output: | (None, 5)

gencreue a

input: | [(None, 6)]
input_5: InputLayer
output: | [(None, 6)]
AencTBme a
input: None, 6 input: [(None, 5)]
dense_11: Dense 2 ( ) input_6: InputLayer 2 ( )
output: | (None, 20) output: | [(None, 5)]
A
input: None, 20 input: None, 5
dense_12: Dense 3 ( ) dense_13: Dense s ( )
output: | (None, 40) output: | (None, 40)

Ty

ol

input: | [(None, 40), (None, 40)]
add_1: Add
output: (None, 40)
input: | (None, 40)
dense_14: Dense
output: | (None, 20)
input: None, 20
dense_15: Dense P ( )
output: [ (None, 1)

Harpaga r




Reward

Reward

25.0
22.5 A
20.0 A
17.5 A
15.0 A
12.5 A
10.0 A

7.51

5.0 A

2.5

—— maximum reward
—— final achieved reward

5 6 7 8 9 10
Experiment

—— maximum reward
— final achieved reward

5 6 7 8 9 10
Experiment

Pesynbrathl

Number of digits engaged

Number of digites engaged

b.

IS
f

—— maximum digits engaged
—--- final digits engaged

5 6 7 8 9
Experiment

10

—— maximum digits engaged
—-=- final digits engaged reward

5 6 7 8 9
Experiment

10

CMMMETPUYHAA
Harpaga

6
R = Z‘Si
1=1

acMMmMeTpuyHasa
Harpaga, 6=0.005

6 D
R = ZSZ’—QZ(W—%)
1=1 1=1



Pesynbratbl:

NocTpoeHa cpefa obyyeHuns ¢ nogkpenneHnem

npoBepeHa BO3MOXHOCTb  OBy4eHud Ha
CTapTOBOM 3agauve; NCMNoNb3oBaHNE

aCUMMETPUYHON Harpadbl MPUBEMO K MyYLIUM
pesynsraram

no AaHHOU pa60Te yXKe CylwecTtByeT I'Iy6J'II/IKaLI,I/IFI:
MpuxHo M.A., bernwes PP, 3nobuH [O.B. TexHonorma uyudpoBoro
OBOVH/KA KakK WHCTPYMEHT OOy4YeHusi poObOpyKnU: MpPOrpamMmHoO-
annapartHas apxmTekTypa, 3agadn u npobnemsbl. // JlomoHocoB 2020:
CeKUMs BbIMUCNUTENbHOW MaTemMaTuku u kKnbepHeTukn (Mockea) -
Mocksa, 2020. - c.117-120



https://voutu.be/qabHxDTHEYw


https://youtu.be/qabHxDTHEYw

