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A Multi-Motive Reinforcement Learning Framework
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Abstract The traditional reinforcement learning methods such as Q-learning, maintain a table that
maps the states to the actions. This simple dual-layer mapping structure has been widely used in many
applied situations. However, dual-layer mapping structure of state-action lacks flexibility, while
priori knowledge can not be effectively used to guide the learning process. To solve this problem, a
new reinforcement learning framework is proposed, called multi-motive reinforcement learning
(MMRL). Between state layer and action layer, MMRL framework introduces motive layer, in which
multiple motives can be set based on experience. In this way, the original state-action dual-layer
structure is extended to state-motive-action triple-layer structure. Under this framework, two new
corresponding algorithms are presented, the first is MMQ-unique algorithm and the second is MMQ-
voting algorithm. Moreover, it is stated that traditional reinforcement learning methods can be seen as
a degenerate form of multi-motive reinforcement learning. That is to say, multi-motive reinforcement
learning framework is a superset of traditional methods. This new framework and the corresponding
algorithms improve the flexibility of reinforcement learning by adding the motive layer, and make use
of priori knowledge to speed up the learning process. Experiments demonstrate that, multi-motive
reinforcement learning can get better performance than the traditional reinforcement learning methods

significantly by setting reasonable motives.
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B4 5 MMQ-unique 35 3 1 MMQ-voting 5.7,

State Layer Motive Layer

(a) Traditional dual-layer structure

State Layer

Motive Layer ~ Action Layer

(b) Triple-layer structure of MMRL

Fg. 1 From dual-layer structure to triple-layer structure.

1 N ZE5M 3 = 2450
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ik 1. MMQ-unique # k.
(D Set initial Q(s,m) value arbitrarily;
@ Repeat (for each episode)
®  Set initial s;
@  Repeat (for each step of episode)
® Choose m from s using policy m=mr, (s)
©® Choose a from m using policy
a=m (m)=m, (m, (5));
Take action a, and observe r, s ;
Qs,m)<Q(ssm)+al r+
ymgle(s/,rn')—Q(.s',rn)];

@ s<s';

Until the episode ends;

@ Until all episodes finish.
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&% 2. MMQ-voting 5.7k,
D Set initial Q(s,m) value arbitrarily;
@ Repeat (for each episode)
®  Set initial s;
@  Repeat (for each step of episode)

®) Calculate wote(a) for each a using

wte(a) = D, w(Qlsym));

a=my (m)
Choose a with the max wvote(a) ;
Take action a, and observe r, s ;
Repeat (for each m that votes a)
Q(s,m)<=Q(s,m) +al r+
}’mE,lXQ(S/9772,>_Q(.\'777l):|;
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Until all motives of a finish;

® e 6

Until the episode ends;

@ Until all episodes finish.
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Fig. 2 The taxi domain.
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B 6 A FEA B AEAR X I 58 7 BNE 9 A s HLiE
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Table 1 IF-THEN Mapping In Taxi Domain
&1 HEZFEER IF-THEN BR &

No. IF Statement THEN Statement
1 m= = East a= East
2 m= = West a=West
3 m==South a=South
4 m==North a=North
5 m= =Pickup a=Pickup
6 m==Putdown a=Putdown
m==Move to  a=Choose an action that shorten the
! passenger distance with passenger randomly
g m==Move to a=Choose an action that shorten the

destination distance with destination randomly

m==Don’t a= Choose an action that won’t hit

hit wall the wall randomly

FATBRE 2% 2 agent 22 2] 1000 AN, 2% 2 K
a=0. 2,41 F y=0. 95, MMQ-voting 5% 1y 4%
B PR w(Q R E N

w(Q(s.m)) = &, (12)

Su A B R 3. &L 3 4N Y TSI 4 R R Ak
FRFE7R 24 > 1 i B8 AR bR 3R 7R 2 2] agent AT
MRS BIERBO. NE 3 T LLFE H , MMQ-unique
il MMQ-voting Wi Fi B IE O PERE I B T4 4 Q
520 A8 58 UM TR 2 2 JEECR B 00 L B T 2l 4
B A b, Horh MMQ-voting 38035 19 7E g o b 5%
o AT LA SE ML S B VR 1A R0 =L i MMQ-

36
|  —=— MMQ-voting
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“ | —&— Traditional Q
g 28
g
= L
< 24
S L
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o 16}
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8L " ! " 1 " 1 " 1 s 1
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Fig. 3 Experiments result (9 motives, 1000 episodes).
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o, BEATER 2 290, LSS HAE AP S LB T i
RORAEE 2 AR L E 8 AL, 5 1
HILHAI AT 8 A Bl 5E M AL 2% 2 BB AL
TR R e P 55 1 A SR AT ).

R2HWMT 9P 8 A ST MMQ-
voting 5 ik SC B 45 R A X L. AR 2 Al DLA .
MMQ-voting FIEAE 8 A BIHLAY I BT 57 > ROR
. UL 2 2 S b g S ALBEE B oA HEL il T sl
PLAY e 50 27 > 9 25 - A 4 W] i 2, 5 PR
ShHLE Z S Pl A o5 ~) 38 B R 4F P RE A B2 R,
Table 2 Comparisons for MMQ-voting Algorithm in Two

Experiments

* 2 MMQ-voting EEEFWARLW AL RILR

Mean Total Actions

Episodes

9 motives 8 motives

100 9223.67 9152.01
200 12958. 84 12796. 22
300 15314. 84 15167.45
400 17132.07 16992. 16
500 18760. 85 18583. 85
600 20259. 51 20126.61
700 21735.27 21480. 02
800 23151.22 22940. 61
900 24557.65 24256.17
1000 25836.61 25626.02

3.2 M v BAFE

AT FRATHRE A 3 — A 5 A4 1 S B L Sk 1 B &2
BN HLSR Ak 2 2] R[] Bl HILRT 27 2T 5 1 5

S BL A R B — AN O AR R R
L A2 2 LR AL BRSPS FR 2
23 o 3 2 A ok B 45 N2 RAT B IR RO X2
— A7 T Bk R TR A AT SR FH AL R B R Y 5 Ak
SR X 8 ANRRAE HEAT 2% 2 4 3K BERRAE 4 1) 2 D S
B ES A A G RS L TR R R e A LB T L R
JEEOF O 2 AT R B R B 2 SR U R AE Y AR
M2 W SCHk[21].

AL U K RS AL E 6 AN LA RAT BN E 4 B
brp ol | BN S B0 N R DN S S VoI

. e RBESOALNE G0 L 55 SOV E /N T 10 km,
FJ7 R B 5 B Ay /N T 30°IF HOXUJy B %
HEJE AN T 407 T LR M S5 (RO BRI
Yy iy b 3 7000, ol o EOHL AT AR A OE [0 4R
ek A — 5 34T 97 [l 4z
FATBE 8 A BB, # IR 2. 1 v B ik 19 Shpl
BRI T 6 A BhALA IS 6 A SEA BV RS R,
F3oh 2 A SRR VR B - o 500 B8 5 O 3 Bh 2
SR E AR A SIS SE 2 e R R 3 R
Table 3 IF-THEN Mapping in Air Combat
F3 KU AR 07 E R A IF-THEN R 5
THEN Statement

No. IF Statement

m= = Horizontally )
1 a= Horizontally accelerate
accelerate

m= = Horizontally

2 a=Horizontally decelerate
decelerate

3 m=="Turn left a=Turn left

4 m==Turn right a=Turn right

5 m==Pull up a="Pull up

6 m==Dive a=Dive

; m= = Initiative a=Point to the enemy and narrow
to combat the difference in height

g m= =Protect a= Choose actions that keep itself

itself away from the state being attacked

FATX MMQ-voting SIEREVE UL 153 QCs,
) (18 P RV E T O AN 8 P e =X T A A R
R L. i B BUS B MMQ-voting Bk #E4T 2 IR
B S  7E 55 1 AL i, FRATT7E 4% S5 A pR 2K
w(Q HH E S LB SR E TR &SN RE,
i R 4 AR AL B L S S sk AESE 2 IR
Lo, FATFE R SEALE KA w (Q) oy A TRk 43
BLTEE T 8 AR L T % S B S Ay T4 1 A0 ) T
H .

W 4 Fros s fZe AR AT B, il 2K o 14 18]
A A 1R IR VN S R vl S R v S e R
FWLT AL AT A RATHE 1M ALY 15 2 W)
sz 7SR ALE AR SAT O TR 4 Ca) rh, P R R
SAILAS W b 3= B 1) X O Ak S L TRAT L A B2
g8 & A Ch) A i SEALEFT Bk, S AT LR IR IR A
H o A — . 5 R OR[E AL e A
T2 ) o BT AR R T ARBL, 2 3 HLE AL 2 > 1) X P
G HAE ] T 8 B — 2 R S AR R s R
BAE AT R 5 2R H
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(a) Encourage the combat motive

Fig. 4 Air combat simulation result.
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