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Abstract: Reinforcement learning is an important approach to solve the adaptive learning control problems in continu-
ous state space. However, it is bedeviled by its low learning efficiency and low convergence rate. In order to eliminate those
deficiencies, based on back propagation (BP) neural networks and eligibility traces, we propose a learning algorithm with
a complete description to achieve the multi-step updates in the process of reinforced learning to realize the counter prop-
agation of the local gradient from output layer nodes to hidden layer nodes; thus, rapidly adjusting the weights of hidden
layers. During the training processes of neural networks, a modified residual method is employed to optimize the weights
in each layer by linear combination, achieving the rapid learning rate of the direct gradient method as well as the desired
convergence properties of the residual gradient method. Applying this method to update the weights of hidden layers in a
neural network, we improve the convergence properties of value functions. A cart-pole system is adopted for testing the
application results of the above mentioned algorithms. Simulation results show that all our algorithms can successfully
achieve the control for the cart-pole balancing system and improve the learning efficiency significantly.
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zÆS�(Ü,^ ²�ä�OL�,U
���Ð
��J.�éÄuL��rzÆS, SuttonJÑ
]�
�©TD(λ)�{[7],�z��¯G��á��]�,,
z�1�Ú�#,ùÚ�#���D4eZÚ,¦Æ
S�Ý��\¯. �éTD(λ)�{, Dayan�<[8]y²


§�Âñ5. Sutton�[7, 9]JÑ
3ëYG��me

�]��©{,¿JÑÄu��FÝ{�]�,�{.
ò��DÂ ²�ä(back propagation neural net-

works, BPNN)$^urzÆS3IS	éõ©z
[10–13]ÑkL0�,�ù
�{Ä�þæ^üÚ��
�#. 3ÆSL§¥Ú\]�,,U��Jp ²�
ä�Ôö�Ç,�´ùÒ¦� ²�ä�ÔöL§,
AO´ ²�äÛ�����#òC��\E,. ,
	,rzÆSæ /̂gÞ0�{Ôö ²�ä,ù�~
5� ²�äÔö�{k¤ØÓ.�©JÑ�«�{,
¢y
BP ²�äA^urzÆS�ÔöL§,$^
]�,,rÛÜFÝlÑÑ�D4�Û�,¢y
Û
�����#,¿Jø
���ÆS�{£ã.
Äu[Üì�rzÆS�{3ÆSL§¥�#Ù

��,~^��{k��FÝ{Úí�FÝ{[12]. d
u��FÝ{aquiÒÆS¥���eü{,ù«
�{ÆS�Ý�¯,�´  Âñ5UØn�.í
�FÝ{U
�y�Ð�Âñ5,�´§�Âñ�Ý
'��ú. Baird[12]JÑ
�«í�{,ù«�{QU
�y¦^í�FÝ{�Âñ5,q(�¦^��FÝ
{�Âñ�Ý,��
ûÐ�5U.,, Baird��Ñ

ÑÑ����#�O��{,vk�9Û���/.
�©éBaird��{�
?�Úí2,JÑ�«U?�
í�{,Ø=é ²�äÑÑ�?1���#,�
éÛ�?1
`z���#,�y
BP ²�ä3r
zÆSL§¥�ûÐ5U.

2 ÄÄÄuuu   ²²²���äää���rrrzzzÆÆÆSSSLLL§§§(Reinforce-
ment learning process based on NN)
rzÆS�ÆSL§´: ÆSAgent3��¸��

p¥,Øä¼�µd5��"&E��£�,2ò£
���\�\\, Agent31�ÀJL§¥,ÀJU

����È\£��1���Ù�`1�.

Agent3G�s ∈ Se���11�P�a ∈ A,
§l1�8ÜA¥ÀJ¦Qπ(s, a)���1���Ù
�`1�, Qπ(s, a)�½ÂXe:

Qπ(s, a) = E{rt+1 + γrt+2 + γ2rt+3 + · · · |
st = s, at = s, π}, (1)

Ù¥γ ∈ (0, 1).

3¯K�.����/e, Watins[14]JÑ
Q–Æ
S�{,L«�

Q(s, a) = Q(s, a) + α(r + γ max
a′

Q(s′, a′)−
Q(s, a)). (2)

Agent3zgS�¥�#Q(s, a)�,3²Lõg
S��Q(s, a)�Âñ, Watins[14]y²
§�Âñ5.

3Q(s, a)�½Â�Ä:þ, V�½ÂXe:

V (s) = max
a∈A(S)

Q(s, a). (3)

3G�se,¦��c�`üÑ�π∗,½ÂXe:

π∗(s) = arg max
a

Q(s, a). (4)

æ^BP ²�ä��rzÆS�¼ê[Üì,X
ã1¤«,mý ²�ä�Ñ\à�ÂG�&E.XÚ
�â ²�ä�ÑÑ�VÚ�¸�"��Å&Er,
|^TD�{Ôö ²�ä, Agent�âV�¼êÀ�

1�a.

ã 1 ÄuBP ²�ä�rzÆS�.

Fig. 1 Model of reinforcement learning based on BPNN

Agentl��G�xt?\�,�G�xt+1,¼��
Å�rt,3G�xte�¼ê��V (xt), V (xt)^[
Ü¼ê5L«. éuÑ\G�xt,§�8IÑÑ��
rt + γV (xt+1). 3�#L§¥�A[Ü¼ê���
U��FÝ{�#A�

∆w = α(rt + γV (xt+1)− V (xt))
∂V (xt)

∂w
, (5)

Ù¥x = [x1 x2 · · · xi · · · xm]T�G��þ.

½Â�� ²�ä(�,�ädÑ\�!Û¹�Ú
ÑÑ�3�|¤,Ù¥: Ñ\�!:�ê�m + 1,Û
�!:��ê�n + 1,ÑÑ�!:�ê�1. Ù¥: �
þy = [y1 y2 · · · yi · · · xm]T� ²�ä�Ñ\
�þ;G��þx¥�©þ�gD�� ²�äÑ\

�þy¥�éA©þ; yi ← xi,�½Ñ\y0 ← 1.

½ÂÛ�!:�ÑÑ�!:�ë����

w2 = [w0 w1 w2 · · · wn]. (6)

Ñ\��Û��ë����

W 1 =




w10 w11 w12 · · · w1m

w20 w21 w22 · · · w2m

...
...

...
...

wn0 wn1 wn2 · · · wnm




. (7)

d ²�!:pë�� ²�!:q�â>���
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?���

∆wqp = αδqyp, (8)

Ù¥: δq� ²��ÛÜFÝ, yp�Ñ\�.

3��3� ²�ä¥,�¯K�ÑÑ ²��k
��,ÙÛÜFÝ�

δ = (rt + γV (xt+1)− V (xt))ϕ′(v), (9)

Ù¥:

v =
n∑

j=0

wjyj, (10)

ϕ(·)�ÑÑ!:�-¹¼ê, ϕ′(v)�ϕ(·)3v?��

ê.

 ²�j��Û�!:,ÙÛÜFÝ�

δj = ϕ′j(vj)δwj, (11)

Ù¥

vj =
m∑

i=0

wjiyi, (12)

Ù¥i�Ñ\�!:¢Ú.

3 ÚÚÚ\\\]]]���,,,���������FFFÝÝÝ{{{(Direct gradient
method using eligibility traces)
�
\¯Ôö�Ý,Ú\]�,[1, 7]�{. ]�,

�{Uò�ÚØ��#��DÂeZÚ,Ly3 ²
�äþ,Ò´\È�#��.���#úª�

∆wt = α(rt + γV (xt+1)− V (xt)) ·
t∑

k=0

λt−k ∂V (xk)
∂w

. (13)

-et =
t∑

k=0

λt−k ∂V (xk)
∂w

,ÏLS�¢yz�Ú

�]�,,Ùúªí�Xe:

et+1 =
t+1∑
k=0

λt+1−k ∂V (xk)
∂w

=

∂V (xt+1)
∂w

+
t∑

k=0

λt+1−k ∂V (xk)
∂w

=

∂V (xt+1)
∂w

+ λet. (14)

ÏLª(14)¦��zÚ]�,����ÚG�C
�Ø���¦È,Ò´ ²�ä�ë�â>���#
�.

Û��ÑÑ��?¿ë�â>�#∆wj�

∆wj = α(rt + γV (xt+1)− V (xt)) ·
t∑

k=0

λt−kϕ′j(v
k
j )yk

j . (15)

�
¦�Ñ\��Û��ë�â>��,dª
(15),3�mÚt,¼�Ø���rt+γV (xt+1)−V (xt),

DÂ��mÚk�Ø���

Ek = (rt + γV (xt+1)− V (xt))λt−k. (16)

3�mÚk,ÑÑ ²��ÛÜFÝ�

δk = (rt + γV (xt+1)− V (xt))λt−kϕ′k(vk). (17)

éu ²�j��Û�!:,3�mÚk,ÙÛÜF
Ý�

δk
j = ϕ′kj (v

k
j )δkwk

j . (18)

��mÚk,d ²�!:ië�� ²�!:j�

â>���?���

∆wk
ji = αδk

j yk
i = αϕ′kj (v

k
j )δkwk

j yk
i . (19)

3�mÚt,Ú\]�,��d ²�!:ië�

� ²�!:j�â>���?���

∆wji =
t∑

k=0

∆wk
ji =

α(rt + γV (xt+1)− V (xt)) ·
t∑

k=0

ϕ′kj (v
k
j )λt−kϕ′k(vk)wk

j yk
i . (20)

3±þ�?Ø¥, ²�ä�Û��ÑÑ�â>
����#�ìFÝeü{?1N�, ²�äÑ\
��ÑÑ�â>����#�6uÑÑ�!:ÛÜ

FÝ�Û�!:ÛÜFÝ��D.

4 ííí���FFFÝÝÝ{{{(Residual gradient method)
æ^BP ²�ä[Ü�¼ê,eæ���FÝ{,

¼ê�Âñ5Uk�ØU���y[12, 15],í�FÝ
{U�y3S��L§¥¼ê��Âñ. �'ó,
��FÝ{z�Ú�#I��O�þ�é��,�´
§¤|^�&Eþ���,ÆS�Ý�¯,�k�Ø
U�yÂñ;í�FÝ{U�yÂñ,�´§�Â
ñ�Ý  éú.

Agentl��G�xt=£�e�G�xt+1,¼��
Å�rt,3G�xte�¼ê��V (xt), V (xt)^[Ü
¼ê5L«. éuÑ\G�xt,§�8IÑÑ��rt

+ γV (xt+1). ÙØ�&EE�O�úª�

E =
1
2
(rt + γV (xt+1)− V (xt))2. (21)

¦Ø�Eªu��,æ^FÝeü{,¦�zgS
� ²�ä���Czþ∆w. òV (xt)ÚV (xt+1)
ÑÀ�Czþ,dª(21)¦�[Ü¼ê���Uí�
FÝ{�#�

∆w = α(rt + γV (xt+1)− V (xt)) ·
(
∂V (xt)

∂w
− γ

∂V (xt+1)
∂w

), (22)

Ù¥α�ÆS�Ý.æ^ª(22)é ²�ä?1��
S��#,U�y�¼êÂñ[12].
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dª(22)C/�

∆w = α(rt + γV (xt+1)− V (xt))
∂Vt(xt)

∂w
−

γα(rt+γV (xt+1)−Vt(xt))
∂V (xt+1)

∂w
. (23)

ª(23)¥: α(rt + γV (xt+1)− V (xt))
∂V (xt)

∂w
� �

¦��1 2!¥���FÝ{¦{�Ó. γα(rt +

γV (xt+1)− V (xt))
∂V (xt+1)

∂w
��¦��12!¥

���FÝ{¦{Ä�aq,�´Ñ\��8IG�.
Ú\]�,�,¦��A�[Ü¼ê���Uí�F
Ý{�#�

∆wt = α(rt + γV (xt+1)− V (xt)) ·
t∑

k=0

λt−k(
∂V (xk)

∂w
− γ

∂V (xk+1)
∂w

). (24)

dª(24)C/�

∆wt =

α(rt + γV (xt+1)− V (xt))
t∑

k=0

λt−k ∂V (xk)
∂w

−

γα(rt + γV (xt)− V (xt))
t∑

k=0

λt−k ∂V (xk+1)
∂w

.

(25)

ª(25)¥,�ªmý11��¦��13!¥Ú\
]�,���FÝ{¦{�Ó.�ªmý12��¦
��13!¥���FÝ{¦{Ä�aq,�´Ñ\
��8IG�. Äu]�,�í�FÝ{��{£ã
�I313!�{�Ä:þ?1·�?U=�.

5 UUU???���ííí���{{{(Modified residual method)
��FÝ{Úí�FÝ{�k`":. æ^��

FÝ{¬�y�¯�ÆS�Ç,�Ã{�y��Âñ.
ÏL�y,3k��¹e��FÝ{¬ÑyuÑ��
/. ©z[12]?Ø
í�FÝ{�Âñ5,Øy
í
�FÝ{U�y3ÆSL§¥��Âñ,�ÆS�Ý
���FÝ{úéõ. ?JÑ
�«í�{,ù«
�{QU�y��í�FÝ{�Ð�Âñ5,qU¼
���FÝ{�Âñ�Ý,��
ûÐ�oN5U.

�©3Baird�í�{�Ä:þ,JÑ�«U?�
í�{,ò]�,Ú\����#,Ó�ò���#
*Ð� ²�ä�Û�. Ú\]�,���FÝ{,
�Agent�1�ÚG�=�,ÙØ��#U
��D
ÂeZÚ.|^13!��{,òäk3�!:�BP 
²�ä�ë�â>���#^��(m + 2)n + 1�
�þ∆wdL«�

∆wd = [∆w0 ∆w1 · · · ∆wn ∆w10 ∆w20 · · ·
∆wn0 ∆w11 · · · ∆wji · · · ∆wnm]d.

(26)

ª(26)¥�cn + 1�´Û��ÑÑ��ë�â>�
��#,�(m + 1)n�´Ñ\��Û��ë�â>�
��#.

æ^14!��{,^Äu]�,�í�FÝ{5
�# ²�ä�ë�â>��,òäk3�!:�BP
 ²�ä�ë�â>���#^��(m + 2)n +
1��þ∆wrgL«�

∆wrg = [∆w0 ∆w1 · · · ∆wn ∆w10 ∆w20 · · ·
∆wn0 ∆w11 · · · ∆wji · · · ∆wnm]rg.

(27)

1) e∆wd ·∆wrg > 0,Kü�þ�m�Y��b
�, ∆Wd~��5í�FÝ�#þ∆wrg~�,¦[
Ü¼êÂñ.

2) e∆wd ·∆wrg < 0,Kü�þ�m�Y��ð
�, ∆wd~��5í�FÝ�#þ∆wrgO\,¦[
Ü¼êuÑ.

�
;�uÑ,qU
¦ ²�ä�ÔöL§�
�¯�,Ú\í��#�þ∆wr,Ù���þ∆wdÚ

∆wrg�\�²þ�,½Â�

∆wr = (1− φ)∆wd + φ∆wrg, (28)

Ù¥φ ∈ [0, 1]. φ�À�,A¦∆wr�∆wrg�Y��

b�,Ó�4∆wr¦þ�∆wdl�C�
. ±e¦¦
�þ∆wr��þ∆wrgR��φ⊥�.

∆wr ·∆wrg = 0. (29)

÷vª(29)��þ∆wr��þ∆wrgR�,

¦)ª(29),��φ⊥��

φ⊥ =
∆wd ·∆wrg

∆wd ·∆wrg −∆wrg ·∆wrg

. (30)

φ�À��I3φ⊥�þO\�������µ,¦�
Ñ ��þ∆wrg�:.

φ = φ⊥ + µ. (31)

3) e∆wd ·∆wrg = 0,Kü�þ�m�Y��
��,ù�kφ⊥ = 0. φ�À��

φ = φ⊥ + µ = µ. (32)

í�FÝ{U�y3S�L§¥��Âñ,ÏL
ù«�{Ôö ²�ä�����,Ù�#Ø¬Úå
¼ê�uÑ,´S��;^��FÝ{Ôö ²�
ä�����,¬kuÑ��¹. U?�í�{ò 
²�ä�����Ñ\±�Ä,¦����#�þ
∆wrØ¬Úå^í�FÝ{������#�þ

∆wrg�Ù�����Cz,l�yÂñ.

6 ���ááá{{{���ýýý¢¢¢���(Cart-pole balancing sys-
tem simulation experiment)
�á{¯K´��;.���5��¯K[16–17],
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±eæ^���¸e��á{�ý¢������

~5�y�©�{�k�5.

6.1 ¢¢¢���¯̄̄KKK£££ããã(Experiment description)
Xã2¤«,�����±3��Y²;�þgd

$Ä,��þSC
��g5�gd{\,{\?3
Ø½G�e. ��3��åF��^e�m$Ä,
��$Ä�;���´[−2.4, 2.4] m. �¯K´: 3å
��^e��3�;þ$Ä,ÆSXÚåã4{\�
±v
��m�ç�G�Ø�K.���$Ä�Ñ
;���[−2.4, 2.4] m,K�Ó¢��};����{
\�R����Y�θ�L�,�ê��@½�¢�

�}. ò�á{�Y² £x!Y²$Ä�Ýẋ!Y�

θÚθé�m��êθ̇�� ²�ä�Ñ\�.��á
{3Y²�;þ�Ñ;���[−2.4, 2.4] m½θY�

�Ñ��[−12◦, 12◦]Ñ¬��ø¨�−1,3Ù¦G�
��,���ø¨��0.

ã 2 ÄurzÆS��á{²ï���.
Fig. 2 Model of cart-pole balancing system based on

reinforcement learning

�á{XÚ$Ä�ëê�§£ã�

θ̈ = (cos θ[
−F −mlθ̇2 sin θ + µcsgn ẋ

mc + m
] +

g sin θ − µpθ̇

ml
)/(l[

4
3
− mcos2θ

mc + m
]), (33)

ẍ =
F + ml[θ̇2 sin θ − θ̈ cos θ]− µcsgn ẋ

mc + m
, (34)

Ù¥: å\�Ýg = −9.8 m/s2,���þmc =
1.0 kg,{\þm = 0.1 kg,{\����Ýl =
0.5 m,��3�;þ��ÞXêµc = 0.0005,{\�
����ÞXêµp = 0.000002. éëê�§��#
æ^î.�{O�,�mÚ��½�0.02 s,ù��±
é�B/¦����$Ä�ÝÚ �±9{\��

�ÝÚ{�Ý.

3�ý¢�¥UÔn½Æ�Ñ$Ä�§ª,��
á{ÆSXÚ¯k¿Ø��Ù$Ä5Æ,§��£(
�´3ØäÆSL§¥ÅÚïáå5�. 3¢�¥,
�½ëê�:ÆSÇα=0.2,ò�Ïfγ =0.95,]�
,Xêλ = 0.8,&¢1�ÀJVÇε = 0.1,U?í�
{ëêµ = 0.1.  ²�äæ^4–16–1(�,Û�!:
æ^sigmoid.-¹¼ê,ÑÑ�!:æ^�5¼ê.

6.2 ¢¢¢���(((JJJ���©©©ÛÛÛ(Experimental results and an-
alysis)
�
�y�{�k�5,ò�á{���ý¢�

?140g. zg¢�ÑÐ©z ²�ä���ëê,
zg¢��¹eZÓ�ÆSL§,z�Ó�U¤õ,
��U�}. zÓ¢�l��k���Å �m©,
då���á{�²ï,e�á{3�ÓÆSL§¥
U�±10000ÚØ�K,Ò@�§ÆS���£U

¤õ/���á{. e�Ó��¢��}½U�±¤
õÚê��10000Ú,K#m©#�Ó�ÆS.

L1�Ñ
��ÚOL,P¹
40g�ý¢�¥,
zg¢�XÚU¤õ���á{¤²{�ÆSÓê.
3ù40g¢�¥,æ^�©��{,ÆSXÚÑUk
�/ÆS¿¤õ/���á{. Ù¥: �õÆSÓê
�18,��ÆSÓê�8,²þÆSÓê�12.05.

L 1 zg¢�U¤õ���á{�ÆSÓê
Table 1 Numbers of episodes till the inverted pen-

dulum can be controlled successfully in
each experiment

?Ò Óê ?Ò Óê ?Ò Óê ?Ò Óê

1 12 11 10 21 16 31 12

2 14 12 11 22 12 32 9

3 9 13 12 23 10 33 11

4 12 14 18 24 9 34 10

5 18 15 13 25 16 35 15

6 8 16 12 26 12 36 17

7 8 17 9 27 17 37 10

8 13 18 9 28 9 38 9

9 17 19 10 29 10 39 10

10 14 20 13 30 13 40 14

�©l¢�¥Ä�111g¢�,éÙ¢�L§?
1*	,uyUì�©��{3²{
c9Ó��}
�,l110Óm©,XÚU¤õ/¢y�á{��.c
10Ó�ÆSÚê©O�: 7, 10, 10, 36, 18, 74, 64, 706,

2411, 10000.�ý¢��ÆSL§��ã3.

ã 3 �{�ý5U

Fig. 3 Performance of the algorithms in simulation experiment
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ò�©�{(J�Ù¦�{(J���é'.
Barto�[18]JÑ
g·Aéuµd(adaptive heuristic
critic, AHC)�{,ò4�ëê��Ñ\,æ^ü�ü�
 ²�ä©O��é�|¢ü�(associative search
element, ASE)Úg·Aµdü�(adaptive critic elem-
ent, ACE),¢y���á{,Ùëê����©�Ó.
ù«�{òëYG�lÑz,vk�\k��£,3
¢y¥��E,. Anderson�[19]3AHC�{Ä:þ,
JÑ�{¿¢y
ëYG����. Berenji�[20]JÑ


�«Äu2ÂCqín��U��(genera-
lized approximate reasoning based intelligent control,
GARIC)�{,æ^�
Ü6��{,¢y
Äu�z
5K�U��(��rzÆSXÚ5���á{²

ï. Lin�[21]JÑ
�«rz�
g·AÆS��

�ä(reinforcement fuzzy adaptive learning control net-
work, RFALCON)�{5)û�á{¯K,¦��\

�
k��£,ÏLN!Critic�äÚAction�ä?
1Ä��ëêÆS. Moriarty�[22]ïÄ
ÄuL�

�QÆS�{¢y�á{²ï¯K,Ó�JÑ
��
ÄuÎÒ�!g·A?z ²�ä�SANE(scanner
access now easy)�{. öI��[13]æ^ÄuQÆS�
{ÚBP ²�ä5ïÄ�á{��¯K,¢y
�á
{�Ã�.��,ù«�{vk$^]�,Eâ.
Lagoudakis�[23]|^���¦üÑS�(least-squares
policy iteration, LSPI)�{,æ^ÄuÄ¼ê%CÚ�
�üÑS�{é�á{¯K?1
ïÄ. Bhatna-
gar�[24]¢y
PG�{,¦�æ^
g,FÝ{Ú¼
ê[Ü�g�?1���©ÆS,3�Ôö�¼ê�
ëê. Martı́n�[25]JÑ�«Äu\�kC��rzÆ

S�{kNN–TD,ò�cG���C�k�G��Q

�?1\�[Ü,¦��cQ�,ù��Ð/éQ�?

1
�z. �JpÆS�Ç,¦�?JÑ
Äu]
�,�kNN–TD(λ)�{. Lee�[26]JÑ�«�É�\

���1ì–µdì(receptive field weighted actor-
critic, RFWAC)�{,æ^
Oþ�ï�»�Ä�ä
5�¤,±�É�\�£8��ÙnØÄ:. �É�
^5�ïÛÜ�.,Ù/GÚ5��±?1g·A�
�. Vien�[27]JÑ�«ÏLµdrzÃÄÔö�

UN(training an agent manually via evaluative reinfor-
cement, TAMER)�{,ù«�{�\Ôöö@Ï�Ô
ö�£,2?1rzÆS.æ^�ÆSµe´u¢y,
ù«�{�Ð/$^u�á{�Ôöþ. �«�{�
5U'�XL2¤«.

�
?�Ú©Û�©�{�5U,ã4–6©O�Ñ

XÚÆS�150Ó��� �!{\�Ý±9	.
é����å��mCz��ã. ã4–5�½ÿÁ
�m�300 s,1�gê�30000Ú.l�ã¥wÑ,
��� �Ú��ÝÑ35½���S,����{

��
�Ð�ÆSÚ���J.ã6��Ñ�ÿÁ�
m�50 s,1�gê32500ÚS,	.é�á{XÚ?
1����m–�^å�ã.

L 2 ¢y�á{����«�{5U'�
Table 2 Performance comparison of various algo-

rithms to control the cart-pole system

ÆS���{ ëYG� k��£ ²þÆSÓê

AHC Ä Ä 457

Anderson ´ Ä 8000

GARIC ´ ´ 300

RFALCON ´ ´ 15

ÄuL��QÆS Ä Ä 3103

SANE ´ Ä 535

öI� ´ Ä 1000

LSPI ´ Ä 275

PG ´ Ä 245

kNN–TD(λ) ´ Ä 29

RFWAC ´ Ä 153

TAMER ´ ´ 150

�©�{ ´ Ä 12

ã 4 �ý¢�¥�� ���mCzã
Fig. 4 Time-position curve of the cart in simulation

experiment

ã 5 �ý¢�¥{\�Ý��mCzã
Fig. 5 Time-angle curve of the pole in simulation

experiment
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ã 6 �ý¢�¥��å��mCzã

Fig. 6 Time-force curve in simulation experiment

3L2¥GARIC�{¿©|^
k��£?1r
zÆS,5Uk
���Jp,¦ÆSÓêJp�
300. RFALCON�{Ó�Ú\
k��£,¦ÆSÓ
êJp�15. �©¢�(Jvk�\k��£,¼�

�Ð�ÆS5U.�\Ü©k��£,�±þ¢
�. k��££ãXe:

If θ > 0 and θ̇ > 0, then F > 0;

If θ < 0 and θ̇ < 0, then F < 0.

Ó�?140g¢�,zg¢�ÆSXÚÑUk�
/ÆS¿¤õ/���á{. L3�Ñ
��ÚOL,
P¹
�\þã�£�,zg¢�XÚU¤õ���
á{¤²{�ÆSÓê. Ù¥: �õÆSÓê�14,�
�ÆSÓê�5,²þÆSÓê�7.93. ��,�\k
��£U��JprzÆS��Ç.

L 3 �\k��£�zg¢�U¤õ��
�á{�ÆSÓê

Table 3 Numbers of episodes till the inverted pendu-
lum can be controlled successfully in each
experiment after the priori knowledge is
implanted

?Ò Óê ?Ò Óê ?Ò Óê ?Ò Óê

1 6 11 13 21 8 31 5

2 10 12 6 22 5 32 11

3 7 13 8 23 6 33 10

4 5 14 6 24 8 34 7

5 6 15 10 25 7 35 9

6 12 16 5 26 14 36 8

7 8 17 13 27 12 37 7

8 5 18 7 28 9 38 6

9 9 19 6 29 6 39 7

10 11 20 8 30 6 40 5

7 (((ØØØ(Conclusions)
DÚ�rzÆS�{ÆS�Ç�$,�
)ûù

�¯K,<�  æ^�«�{éÙ?1U?. Ù¥

|^¼ê[Ü¡UÅÚ%CrzÆS�¼ê�. 
²�ääk�Ð��zUåÚûÐ�ÆS5U,��
�«;.���5ëê[Üì, BP ²�ä3êâ[
Ü�¡��
2��A^. �©�ïÄSN´ÄuBP
 ²�ä�rzÆSEâïÄ,(Ü]�,�{U�
�JprzÆS��Ç,ù¤�rzÆSïÄ��
�{��,�æ^]�,�{é ²�ä�Û���
�#�5
�p�E,5. �©(Ü]�,Eâ,Ø
�¢y
BP ²�äÑÑ�����#,�JÑ�
«�{¢y
 ²�äÛ�����#,Jp
ÆS
�Ç.�éæ^��FÝ{?1���#��{ÙÂ
ñ5U���¯K,JÑ
�«U?�í�{,òÑ
Ñ���ÚÛ����#þ�3�����þ�m

¥,òí�{Ú��FÝ{(Ü5?1���#,�
y
BP ²�ä3ÆSL§¥�ûÐ5U.�©�é
�á{��¯K?1�{�y,¼�
�n���J.
��{äk�r�Ï^5,�±A^�õ�nØÚA
^+�.
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