BA41E B 1H 128 = HL = 1 Vol. 41 No. 1
20184 1 H CHINESE JOURNAL OF COMPUTERS Jan. 2018

ETOZEEHREBAEENBELF AR

D ) D.2) D \\/, D
AR x| 27 % £ 2EXR
VORI R LR S HOR 2 BE L9 S50 215006)
PRSI E S MR TREEE P E AR EGIMRRY)  KEFE 130012)

M OE RN R IR A 2 o] R — R T A B T AR RO IR WA AE X R O TN e
T T A e B i S0 R 7 A TR) A iR A A% T . e ol 24 20 0 i) A 1 T e T B PR R R A TR) Y S Tk N R R
JEABLTT 5. AH LU R B B, BE T 3 SR A 2 R BRIk 1 2 ks 3R 3l O 1 B A R L R T 45 A TR SR R AR AR Ak iy
TR BT SRS A3 ) B BUAE T v 1 G SH 2 R I 35 119 bR 24 255 1) B HOAR AL R 1 A5 0 5 o % o L O L IR B
T EC GRS A3 ) 1 BB R L ANV R ORI Q R BRI T LU S Y b XS 5 0 R A 2 ST [ R AT SR s 3
Al FI AR A SR 7o THARL. S AR R — il T 2 T Al G R 3 AR A A T O T vk L S B B N I A T 2
AT 2 A0 Q) 58 1k % 2) 54 ¥ (Adaptive Polyhedra Domain based Q(A), APDQ(A)). [y Z 1A & — Fhli 5k &
I RIK T 1, )32 N T 45 b BEATL 38 48 1 BE P A RIAR )y BC(E P 8 1 1) 30 T 3 U7 3 0 A Bl 2 ek B 7 BRI ES
2 8] 2 22 AT 3ol 1 1 0 R 285 25 1) g e S 418 T bR 25 25 ) dme A0 SR W 19 5 ) R4 A S A R K/ 1 L) T Ak 1
GRS 23 18] I e A w1 T 3 R AR 5 I SRS MG IR AR ME B I T A4S BoxRe finement \LFRe finement
Ml MVLFRe finement 2Rl [ 35 NG A AL AR 13X SRS AL AL, X il GO0k 245 25 1] 355 22 9 47 365 7 1K 1, AT ARG AL B
PR A5 73 18] (¥ B HOH AL S 7 A A5 B 8 Ll RE o 2 225 [0 U7 2 W A G 1 2 R Y. B T 2 TR % 333 PPL(Parma
Polyhedra Library) il 44 % 01315 /2 GMP(GNU Multiple Precision) 2Bl T # ¥ APDQ(A) , I 5Lis T 52 il #F
5. e ML R Y 3% SR A A3 [A) 5 AL 2 2 18] 311 4 (Mountain Car, MC) #1445 WL 4% A (Acrobatic robot, Acrobot) fE
R SIS RN PPN T A R R Ak 2 2] S BORT B 3E RORG A6 A G 1 B E S 808 APDQOAD PERE I R L R 5 T M4 R
25 0] Fy A5 AL LT 2% Rl SO SR U0 AL 3 A2 P R /R T PLEL. SEER 85 R WO M4 v KT 0. 7 ), kR i
B 25 A PR RE L TE T SR W R PR b SO L T 1 B BT % it A [ S CAN L 6~ [ 13 7R ) L 3 LX) e
0 il GRS 2 TRDRG AL 2 BORS B B0 I 38 B PE s 2T dm 2 v /T 0.6 B, B0k i M RE SR BRI S A R B R
T Ge it 2 2 3o B2 — Fh 47 (9 i Dl 28 852 5 b 2 > 1D 1 JELARL A 3 22 () R A5 F — 20 WF S8 RO AR ) n B T 3l
RIS TR ) SR A I R 50T 45 i) R

KR ik s m AR R G E SRS A A QO s BIE MK 1R
hEESES TPIS DOI 2 10.11897/SP.J.1016.2018. 00112

The Research on Adaptive Reinforcement Learning Technique
Based on Convex Polyhedra Abstraction Domain

CHEN Dong-Huo” LIU Quan"”®? ZHU Fei” JIN Hai-Dong"

D (Institute o f Computer Science and Technology . Soochow University, Suzhou, Jiangsu 215006)

D (Key Laboratory of Symbolic Computation and Knowledge Engineering ( Jinlin University ), Ministry of Education, Changchun 130012)

Abstract  The table-driven based algorithm is an important method for solving the reinforcement

learning problems, but for the real world problems with continuous state spaces, the method is
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challenged by the curse of dimensionality, also named as the state explosion problem. Two methods
have been presented for attacking the curse of dimensionality, including discretization of continuous
state space and function approximation. For the usage of the discretization of continuous state
space, the table-driven based algorithm is of some advantages than the function approximation
based algorithms, namely straightforward principle, the implementation with concise data structure
and the lightweight computation. Note that the core of algorithm is to discover a qualified
discretization mechanism with which the computation cost and the accuracy of the abstract model
are well balanced, and the optimal policy of an original reinforcement learning problem can be
approximately derived according to its abstract state space and quantitative reward metrics. This
paper presents an adaptive discretization technique based on the convex polyhedra abstraction
domain, and designs an adaptive polyhedra domain based Q(A) algorithm (APDQ(A)) on the
basis of Q(A), an important algorithm in reinforcement learning. Convex polyhedron is a qualified
representation of abstract state, which is widely in performance evaluation of complex stochastic
systems and verification of numerical properties of programs. The method abstracts a continuous
(infinite) concrete state space into a discrete and manageable set of abstract states by defining an
abstract function, such that the control problem of the original system can be resolved directly by
the corresponding abstract system. Especially, some adaptive refinement operators, such as
BoxRe finement, LFRe finement and MVLFRe finement, are studied, which are dependent on the
online samples information for a refined abstract polyhedron state. The abstract state space is
dynamically adjusted, such that a finite and discrete model is statistically derived according to
online samples, which approximates the dynamic and reward model of continuous Markov
system. Finally, APDQ(A) is implemented, in which, the involved algebraic and geometrical
computations of polyhedra with the requirement of high precision are programmed by calling the
APIs of Parma polyhedra library (PPL) and GNU multiple precision (GMP), and some case
studies are conducted for showing the performance of APDQ (A). In the experiments, using
mountain car (MC) and acrobatic robot (Acrobot) with the continuous state spaces as the
experimental subjects, the ability and the limitation of APDQ(A) under different combinations of
parameters values are probed in detail. The experimental results demonstrate that (1) APDQ(A)
behave well when ¥=>0. 7, just as shown in figures 6—13: The policy is rapidly improved in the
initial phase and inclines to converge later on, moreover, it has fine adaptability to learning rate a
and all sorts of parameters related to the refinement of abstract state space; (2) the performance of
the algorithm degrades severely when ¥<C0. 6. Summarily, it is a novel idea on solving reinforcement
learning problems with continuous state space that abstraction interpretation technique is applied
to statistical learning process, and many topics deserve more attention., such as the sampling

policy and the update of value functions in the context of abstract approximate model.

Keywords reinforcement learning; convex polyhedra abstraction domain; continuous states
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ki E ST E Sy R R A G =N R )
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[ % g =R

BT Ak 2 o HE R v PR SR Y 1 5 e it AN AR 43
B Ja P A 4 5 TE 25 R R e b L T 2 TR I
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i, 1=<i=n.0, 720, MW ((a; £0,,a, £0,,"sa,£0,) €
Con(P,) = {a,F0, ya, +0,sa,F0,) & Con(P:)) A\
(lay &=0ysa, 40, 5+ ya, +o0,) € Con(Py) = (a, =0y,
sa,t0,) & Con(P)).

W2 LB AR Ry A 2 AR S CPLFR N
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(S.A,P,R). %8, =CP,J&—H Wiy £ k4%
%,petg Con(P)2S, 25 (S s Auy s Puy s Ry )

=S

IREBFR YR T M — R 5 L A=A P, 11
KRS XAX S0, 11, R, IRAH S, X
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0.054| B | 1=0
0.044——
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B 3 N Al S A AL 38 X AP AL E] . APDQ(A) 7]
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10.
11.

12.

13.
14.

15.
16.
17.
18.
19.
20.
21.
22.
23.
24.
25.

26.

217.
28.

29.
30.
31.

’SO < InitializingAbstraction(S) ‘ /%S N5 K

RAEZ ]/

Initialize(Q)

1<0

WHILE (for each episode) DO
Reser(e) /T B T/

s<5p

‘P«Regis[erConcre[eSlale(s) ‘ /*PES: ,s€

Con(P)+/

a<—ChooseAct(s) / * BENLELENIE aEA(s) x /
WHILE (for each step of episode) DO

(r,s')<Ezecuting(a)

P’ <RegisterConcreteState(s")

IF(TestResolution(6)) THEN
Sii1<Refinement(S;)
i<i+1

ENDIF

a” <-argmax QP .a)
«€AGH
a’ < ChooseActWithProbability(e)
A<r+7Q(P ,a) —Q(P,a)
e(Pya)<—e(P,a)+1
WHILE (for all (P,a) pairs) DO
Q(P,a)<Q(P,a)+ade(P,a)
IF (a'==a") THEN
e(Pya)<Yxe(P,a)
ELSE
e(Psa)<0
ENDIF
ENDWHILE
WHILE(for all P€S;) DO

IF(TestQMVb(e)) THEN
Sio1<Refinement(S;)
i<i+1

ENDIF

ENDWHILE

/
a<—a

P<7P

/

ENDWHILE

32. ENDWHILE
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D Con(Py)={s=(aj,azs+
Oy xa,++-+0,%a,+b=>0};

@ Con(P,)={s={asaz*
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a€ AP
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LFRe finement fl MVLFRe finement 3 5%
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SCHRL44 125 1 % T A7 FRARZS 2 18] Fn 3l 7E 25 18]
60T TD O BE R WS IR, SCHR[45-46 ] 45
A BRORAS A [ A S VR = B LT QOB IR
SR UE BT X T JC KR Bl ML AR B 5 R SR ) AL SC
BRLS1Ih th 1 2 25 A (D) L (D FI(3) R 36 F R A B
ALY Q 2 2 SRR W S Y UE B

(D REES SMaEES A BEELIFHXY
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DX TEE 5.5 €ES,ad €A, w,w EW LR
DI R £ B KB R W & Lipschitz % 221k
L
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la—a" ||+ ]| w—
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la—a" ||+ ]|w—

A LM IER RG] - | %W 2k

LR B G  W T RGE R BEDL IR d2 A
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(ssa) s HHER A0 BREL p(s,a) ¥ /& Lipschitz # %2
P& AE B | pGaa)—p(Taad | < O (|s—5'| +
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R (1) Lipschitz 2P 4544 0T fai {64
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BRI IR 25 % 1) S 8l 1 4 1) ALY B HICAE RS
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frivhig.

BS={P Py Py} R T 20 (A A R AL
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w'[ 5

w'||.
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Background

Reinforcement learning is a branch of machine learning,
which is concentrated on how software agents ought to take
actions according to the state of an environment so as to
maximize some quantitative metric, named the long-term
cumulative reward. Thus, reinforcement learning is particularly
well suited to problems which include a long-term versus
short-term reward trade-off, such as robot control, elevator
scheduling, path planning, web information search and portfolio
management. But in practice, faced on the reinforcement
learning problems with continuous state space, all kinds of
reinforcement learning technology is challenged by the curse
of dimensionality, also named the state explosion problem.

Two existing methods attacking the curse of dimensionality
are the discretization of continuous state space and function
function approximation can

approximation. Theoretically,

deal with reinforcement learning problems with any size of
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state space under condition that a set of basis functions or
kernel functions encoding the features of state space is
reasonably set. But function approximation does not scale well
due to the requirement of deep insight into domain knowledge
when setting the basis or kernel functions set and the high
computation cost. The algorithm based on the discretization
of continuous state space performs on a lookup table, which
has the advantages of straightforward principle, the imple-
mentation with concise data structure and the lightweight
computation. But the existing research need further be advanced
in some respects, typically including the formal specification
of abstract state with rigid syntax and the automated tool and
programming support of complex reasoning and computation,
of

Considering the above-mentioned research backgrounds, the

and adaptive refinement discretization mechanism.

paper presents a presentation of abstract state based on
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convex polyhedra domain, and the convex polyhedra domain
has enough expressiveness power for solving reinforcement
learning problems with continuous space. Moreover, in
terms of abstract interpretation in formal method. a solid
framework of discretization mechanism and viable refinement
functions is formally built. A variant APDQ (A1) of Q(A)
integrating adaptive refinement mechanism is designed and
implemented. Summarily, APDQ(A) embodies some attributes
of off-policy, eligibility trace based backward temporal
difference assignment and the convergence guarantee besides
being easily scaled to the most reinforcement learning
problems. The case studies about mountain car (MC) and
acrobatic robot (Acrobot) with the continuous state spaces
showed that the performance of APDQ(X) meets expectations

and the ideas in the paper would be a promising research

aspect for challenging the continuous state space, even
continuous action space in reinforcement learning.

The research work in the paper is supported by the
National Natural Science Foundation of China (61272005,
61303108, 61373094, 61472262, 61502323, 61502329), the
Natural Science Foundation of Jiangsu (BK2012616), the
High School Natural Foundation of Jiangsu (13KJB520020),
the Key Laboratory of Symbolic Computation and Knowledge
Engineering of Ministry of Education, Jilin University
(93K172014K04) , the Suzhou Industrial Application of Basic
Research Program Part (SYG201422), the Provincial Key
Laboratory for Computer Information Processing Technology,
Soochow University (KJS1524) and the China Scholarship
Council (201606920013).





