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ABSTRACT With the recent exciting achievements of Google’s artificial intelligence system in the game of Go, deep reinforcement
learning (DRL) has witnessed considerable development. DRL combines the abilities of sensing and making decisions provided by deep
learning and reinforcement learning. Natural language processing (NLP) involves a large number of vocabularies or statements that have
to be represented, and its subtasks, such as the dialogue system and machine translation, involve many decision problems that are
difficult to model. Because of the aforementioned reasons, DRL can be appropriately applied to various NLP tasks such as named entity
recognition, relation extraction, dialogue system, image caption, and machine translation. Further, DRL is helpful in improving the
framework or the training pipeline of the aforementioned tasks, and notable achievements have been obtained. DRL is not an algorithm
or a method but a paradigm. Many researchers fit plenty of NLP tasks in this paradigm and achieve better performance. Specifically, in
text generation based on the reinforcement learning paradigm, the learning process that is used to produce a predicted sequence from the
given source sequence can be considered to be the Markov decision process (MDP). In MDP, an agent interacts with the environment by
receiving a sequence of observations and scaled rewards and subsequently produces the next action or word. This causes the text
generation model to achieve decision-making ability, which can result in future success. Thus, the text generation task integrated with
reinforcement learning is an attractive and promising research field. This study presented a comprehensive introduction and a systemic

overview. First, we presented the basic methods in DRL and its variations. Then, we showed the main applications of DRL during the
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text generation task, trace the development of DRL, and summarized the merits and demerits associated with these applications. The

final section enumerated some future research directions of DRL combined with NLP.

KEY WORDS deep reinforcement learning; natural language processing; text generation; dialogue system; machine translation; image
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TR B 2 2] B RS, s Ak I A BRI S
Ab PRECARIRAF BN T E ORI R, R T 4% H et
GOk LR AT A BOR 2 T SOR 5 AL
f1% 5 K RS BE 0 T AR AR B AT 55
ZH, ERIBUS TR . AR SCHE e A AT
JEE 5if A 55 2 R SCAR A2 AT 55, SR 20 il A B = 2K
DRI 50 A~ 2] 7 5 AE SCR A2 AT 55 v 1 182 L
2 B ILBR A, B R TR BE R A o ] BRI A R
T AR BT 55 ARG & B RS 5 07 1M AT R4S

1 &

1.1 REBRKFES]

5 1k 2% >J (Reinforcement learning) i # FH & i
PR | TR 2 28 UF SO AR A 2 Gk P i A
PSR I, s Ak o R 28 I 4% i 25 A T LA E B
2| 20 22 90 AFEAR, T ELH I AF K B T UR B2 2 2
FECE 0 50N Bt LA K B T F B RE T G R e 4R
T, AR AL 2 R T — RS 2%, [ B fiff %
7 5k 1k 2% 2] ( Deep reinforcement learning, DRL) i
HAr A TR ReR 7 e TR R Sz —.

A A B TR JE SR AE A BN TR B i Al ST 1)
P2 EH RS, AT T 2015 4E 7 (Nature ) 4% 3
T IRE Q M 4% (Deep Q-network, DQN) 1, Jf:
L H2E ] W 4 Atari PUITIEXR , e 2 AE 49 iF
AR TR T AR LI E 4. 2016 4F, fib
T4 R T SR 2 RHE R AR B sk k2= T A 25 &
BB k- N T8 BE B 7% (AlphaGo) , 76 5 Bl Ju Bt
MEF 2 A X ZRp LA 4 0 1 BUS IR, J68% Bk
R T FAE R (Nature) 2 5 1P 7EHCEE R |, 3
JEE SEL A AT A FH 30 2 B v 1) e g A Bk It B HE 44
55— E AL A, DL3 0 A B R B U
XA AR B 22 S Mgk e > R AN TR
e, AR 7E — Lot H &2 e () i gR A b vh
R TR % K-

TR B2 5 Ak 2y o] ) FH R 2 2 > A Ze PR AL AU 1Y)
58 KA RE 7 6 52 2 BR B AR AT SR AR, R H]
S A6 27 2T PR SR AL AR RE 1 BT A R B R AR A 7
SIVEBERED). G IR LSS G R T A B IR R
o T BIHESE, ani&l 1 Fro, X R A S FR L 2R LA

VAT NI SR 1 1k B2, Sl i R J e J) T 2R
BERPIRAS, HRl KR EAT s PRk . R RHR 7Y
F1% TR TR 56 A = ~F Bt 0K o 3R AR S 7 3k 4 e 28
Ji HpL,

State .
l Perception
Brain
Enviro@—Reward —
Agent
Decision

. Behaviour
Action

B R ) B SEAHE SR

Fig.1 Framework of deep reinforcement learning

1.2 BAREBESLHEFHXERERES

H %k i 5 Ab # ( Natural language processing,
NLP) & Fl ML AR XS NG F #47 A sh ot
FIRAE A7k e Ry SRR, AR IR T AL A5
1 H B2 AR S B 1T & PP 2 IR B AR IE
AHIRAT 55, 46 53] L TRl bR T . DLAR B L XT R
R, T PR, HARE T R RER R A HPLES
> 5 T v 4 UM B ) AR AR SR I Sk )2 AR AR
M Bl 5 TR B 2% 2 7 VR M R e, AR O E R AR
(Dense vector representations) ) J5 2 f# £ 1R £ H 4k
T H AT S WS T INOL TS (S5 R, Bl R )
A L B 4 Bl T IR S 2 AR HARIE Ak
PR R S, 5 DI JZ R AR L, R R 2 ) B
% F Sl RAF 22 2 UK B R AE T AS 8 S0 30 MR R A 7
F T AR BCRRAE, 33l kAo 1 T T 48 BURR AR 3 8 FE
BRF ] A e B BN IRIE M A RE S
Ab 3R A R B BLAE, O 2 RE T o3 fiff Tk — S AH X &2
Z W SCA A BAT 55, Bl an il R 4e . HLas i, &
(EX T BuY INE RS A

X IE FR G g I AR IR AL AR N, B A
T HRIEF AN E. A T8 5 53 R A —Fp
S T ) R AT 55 1, E AR B T P 58 BURR S 1Y
{1555 — P TF A G, DA R 32 7k 32 H L
T 55 5 In] 19 X 1% 2 45 ( Task-oriented spoken dialogue
systems ) 1] LA 58 BT V0 ) | 48 R T4 B AN
IRUUS AW ] R AFAT 551X 2 R G038 W M 25 44
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b B AR B 5 B A, AT TR B T R R AR T
L) RN TR 5 T O i S R LA R E B
S EH Y, — R LS P 38 it 0 A g S E AR
55 1) B X6 22 G038 {09 5500 45 A 1 b
XA TAE B XE B4R, TH 4 L4 T 5 B IE
B 4R U X 3R &R 48 H0R Bk 8 ( Dialog system
technology challenge, DSTC) ", i 1 #7 £ 4% £ 45 45
X T 5 A 5 T s < ek A i B — R H R N
(Opensubtitles) . #E 4 ( Twitter) | ff 1 55 41 22 Bl K
0%, BHEE (Ubuntu) XHEHEII(FK 1).

Bl B2 T3 ML R e 2 0 it A IR i ke 1 i)
Bz —, HW R SLIHLES B i — il 5 5k
F—MEE. BTERES R ThmE #E
TINS5 B AL A 5, (ER N T R A AR R
B, X W BRI SR AR R, JF B
WIAR MEFE 35 BT A7 I iE S 4. 25 B PRk HLES
23\ (IBM) 7E 22 JL AR th T Ze it pl e B
PRI 71, X oy i RN TR T A A
THAVR) B A R, SR AL R 98 2 I RUETE R, B
FE A XF P A — B R LA B R S
( Statistical machine translation, SMT), K K3 /> T
B R GO & i e B, B R et R T
TR A L0, F RSB IE T ¥R+
SR I EMR FE R T, FEE AR R
BT G0 T 2 g i A T 3 T Y O ik
B TR B2 2% ) AN W LE TR ORNE 5 U 45 25 AT 55
IR B e S R AKCOE, Bl B A B 5 B T LR il
FHERFE 27 2 HR U, 2014 4R 23 #0HY Sutskever 454
H T 51 2] 7 51 ( Sequence to sequence, Seq2Seq) /7
F [FAE, SERERI R K22/ Cho S5 42 1 T 2 LAY
I i —fi# i (Encoder-decoder) HEZRO 2 15 JL-F- T 5
A4 25 B %% B35 ( Neural machine translation, NMT)
HR R HE T AT R AR R AT ek i SE IR Y. B

B HLE A B, A I 45 fh 2 L A R AE B
PR LI @ R G i LA B, B AP SR LA
BRI, BT R 2R ) W R AL B RO AN
B =AW ], B2 452K B AR TR AL B E PRy
Wrh BB BHPRAIF I 7, [R] I ok 23 32
HEP MAE R VLSS B RO TR L
i TR SR v — M 9 S4TSR T AL A
15K 4= (The conference on machine translation, WMT)
ol AR Y, o fg Ak | SO e A IR RN R
A

EIG A AR IR AT 55 02 ] — D80 2] 74
WE R NS, W R WLER 2]  TF R R 2R
A 3 AT AR, A AR A e A I R A R
BAIE SUAE B, I H B AR LN 28 AT 32 1) 1E B il iR
AT 55 ] DL VB AL ik HL A% B 28 09 o
T2, BRI BHIE— 5K B oA — Bl id M S e
Al LU S PR B AT 55 AR 2 07 1k R L ah HE 22
T B AR R G A — i R A A AR, G B 4 G B — 7
LR 1T A B g i B A il — B SO AR RMR A
155 A AR T iz 0 g T 5%, 491 40 56 1 S0+ 19 R
K, M E A 3R B P, AR S5 HLds A2 h
YR WS E B RN Flickr8k™, lick30k™,
MSCOCO®” 4.

IR A A AT 55 T A AR R B ME LR R AR
(1) PR S ) AL, T A P B 2 0 3 O 2 D DR XA
BN SR AR 5. T REAA AR AR
fiE 77 B R B 5 Ak 2 2 AT DUAR 47 v H T IS A AR i
T AT 55 2 v, AR SR O& T X Uy I Y 9 9 A
PR AR 2400 55 09 7 v A AR, T T Se A AR
SRS 2T B 3 SR E R, SRR A5 A SUAR AR R
FE55, TN B 25 Fh Bk A BT s RN 3, A an
o] ) FH R BE iR Ak 2 ) B 1 A 2 SOAR AR LA 55 1Y

F1 XEERE A AR

Table 1 Summary of dialogue datasets

Dataset Numbers of dialogue Numbers of slots Scene Multi-turn
Cambridge restaurants database 720 6 1 Yes
San Francisco restaurants database 3577 12 1 Yes
Dialog system technology challenge 2 3000 8 1 Yes
Dialog system technology challenge 3 2265 9 1 Yes
Stanford multi-turn multi-domain task-oriented dialogue dataset 3031 79, 65, 140 3 Yes
The Twitter dialogue corpus 1300000 — — Yes
The Ubuntu dialogue corpus 932429 — — No
Opensubtitle corpus 70000000 — — No
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2 REBUFEINDE

TREE AL ) B TR B 2 ) b I 45 6
ke, S 3D JER R 21 B 4R 09 o 3 v 27 2T 08 48 7
W EANTE R, — M AR (Agent) R —1>
B4 e IR, b inples AL T A4 N5
. R anmAb A 2 — AL BE G B 8] ) HE S
AW H 5 AR AT 28 B2 S b B TR ¢ B, AR
PR A7 — VRS s, I H I TR 0% (ayl s) D\ B4 25 1]
AT EFE DB EalE T 38, FEA 5 S i3 1
B re, I HARTEME S PCs, + sy a)Fe 40 B F — AR
Bospr. WAL MR H W8 85 B 5 R

KERA R ERR = Y Ar, Horlrae (0,115

PP T T8 5 20 (Value function) 2 Fi] 5 Fi
S I S, B R R A R A3
VXTI E R, (B DT AR S 50 = 5, HHR S0 W e 1R

B RECH V(5) =B y'ridso = s, 5 [ e (B )
=0

831 o = a, IR 25 3 1 1 96 4K H O7(s.a) =

E{Zy’r,lso =s,ap=a,my. MR = argmax V7 (s)

&ggr* = argmax O (s,a)"] LIS B e R s .

TR JE 2 ) Ak 2z 2 A4S 6 1Y 3207 X2
FHUR JBE A 28 I 45 30 AR B — A4 ik Ak 2% >0 1 4 i3
g3, AL RV (s; 0)FE OCs, a; ), K n(als; )l
BEAY CIRAS e B R Il ), Horh S50 /2 TR FE pl 22 1)
L5 AR . I R AR BT R O vk TR IR
SR T BN S8 T A — e AR E
s b2 > k.

2.1 ETESRBBFTE

FTH R (Value-bBased) J5 15 42 FI FH IR B
25 I 28 3 BN 5 Ak 2 > v B8 {6 PR SR A3, LS B S
A3 IS I B ke 1T R B AR E R B 3 A 2
36 28 3 R A AL R B BN R AT S

Mnih %5 5 A4 TIRE Q WP Jf HAargh 1
TR 5 b2 > 53X — R 57 40 de. At AT B 3 1 1) it e
T AHARZe M RBOR AL Q PREHT 75 5 R BURIEA
o HE 2k snym s, H 32k R A
55 AL R H A5 2%, st 2 72 I 2o B &
D 28 S BN Q bRkt it AL Aty B2 i Dl e ok AR DR A 1Y
B AT 28 2 BT, TR I 2% 1) S 80O 2
ST ZN TR, M H AR N8 AT R AF, Q 48
W15 BT S8R, BRYIZ0m R K 2.
AATT R T A TR %) 52 BT S 281 g 1) TR B i b =

Mk AR, B i R AR AN S I R LA b
NTZ5, 3 B AR 2 B /A 55 th s 1
ARGF Y SE R A5, I3 1tk i i Sk L T A
RERK.

State, Action, Reward Experience replay

State l Train
Atari D Synchronize | Target
ari | ooarg—] Deep Q y arge
game network network
t Action !

B2 W QMR
Fig.2 Training process of deep Q-network

Wil J5 A7 A 98 38 e AR T TR B Q 8 FE AE i
e At Ta) R, D RO R BE Q 28l T R —
A Q ML AT SR VPAL M s VR 5, T30 1 Akt
w2 M. T J& Van Hasselt % PO 42 1 1 i J
Q W& 47 sh R 4%, T 4 H] H Fr (9 25 XF 3l 7 3t
3P4k . Schaul £8P I ARE Q 9 2% fdff ] 28 56 [n]
IR s 2 ] A5 MR AR AT SR A, A 5 8 T S A
] Y 22 AR RE, B DA AT 4% iR R I 22 )
(Temporal-difference, TD) 1524 i I s KR 1
oG, SRS SO 2 00k, DR )
B, Wang SEP BT —FPIE G I 28 S5 48, TS
D 28 43 3 i LIRS R BRI S5 R B, FHEEAT S
FERL A H SIE RS PR AR, 38 28 SE 90 IE H A HE
TRIE Q I 28 TP Ay g S5k 2 R B 4 P A1 S e
22 ETRBOAE

PR A 56 T R 2 6 1 7 X L 8 et BT
A BN (8 bR B, T 53 48 b 3k 5 pR S0 K 1Y B))
Vi, BT LA 3K b 10 38 8 T AR A 04 o I AE B AT
Yt B BN % S S AR s ) i [a) iz rh . T R T R e
(Policy—based) &5 & 1077 20, B35 IR & #h 28 0 28
2 ) AW, I 4% S A0 = SR W R R AIE, PRt AT LA
ELAEAE R 2% AT IR AL, il e s, T
SRS 455 1Y J7 B ) L R THE e B A R T R, i
A AR WS, BE 8 BT A RS I TE = 4 B B
FiELL RS A, OF AT Rha% 2] BIBEPLR IS . 5%
IR T B 4 PR AR, T SR W 0 5 Y6 0 T SR i 1Y
VRGNS, W7 5 PR 58 B i ik AR rp AT VAR

Schulman %5 £ 1y 7 —Ffa] DL 42 55w
B3 AC R, I HLam i X e A ST L, 45 T
A LA IRAT B 27 > B30k —— 1% M 35 A0 A6 ( Trust
region policy optimization, TRPO). {E# il £t 43 Hr
Jo G — T b o B SR I AR 5 R Rl 25 R0 4 1Y SR s A
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JE . A5 SR W 0 A T 1 I 5 6 3 T B o 2 )
25M B2 B J7 ), B AR AL N 2 0T 55 h
OIS T LA AP AR, 2017 4F Kandasamy %5 P4
BRI I B4R T L SRS B JEE (Batch policy
gradient) J7 %, VE# A Ny & B SR W& T I 78 SR & 1Y
7 X 3l G P 8 B P AR, BE 8 PR IR
IR E T RE. BL AR B H SR s kA Ty i, @ kR
FE 1 3V 52 Dl 4% L O A7 80 B2 158 TR H A
FEm.

23 EERHB-REFTE

HET{H R BRI SR W 25 5 04 5 R X B T A% S ik
2 21 Y SE# I # (Actor—critic) 75 17,
ERElE T R (Critic—only) 77 1548 5 M/
1 2 8 E# (Actor—only ) 25 5 4b $3% 25 s 7E 1)
P, AR H 45 2 5000 1) sl VR 3 W 45 A=
BCBIAE, IV 25 0 25 Sk sl 4R 255 I 4 41t Ty 2
BN B B A 100,

Mnih &5 $2 5 T — Fb 5 20 09 o Ak 2E X 5 ik
(Asynchronous advantage actor—critic, A3C)P7, £
A TFAT B R HIAS [R]85 s R A I
AR, IO R 225 ML 2 512, 7208
o2z 2 SR RE S LU IR B Q 4% . TR WL Q M 2%
T S A AL ) B TR L Q 1 24 255 550 345 B v Y
BATRCRIT HRe S AR 4 (% W 17 3% S il [m] A e
Lillicrap %53 [Fl#E $ 7 —Fb e ik (4 sh 1 2% 7t
T HE—— IR BB 2 1 SR W A6 8 ( Deep deterministic
policy gradient, DDPG) ¥, 1% 5.7 AJ LA hy & R B
Q ML TE 3% SL BN AE 25 [ W AR A, ‘BRI Sliver £2 i
B4 Affy 5 P 5 W% B 2 ( Deterministic policy gradient) 55
A G EE VPN & kR TR Q M4 A
FE T 1% 22 850 a4 3l A 2 (8] b piy FH B[R] 2, i
b SIS R W T2 5 AR A DA ARG 4 A UL S A v
2R BN AE R TR M. Kulkarni 2542 H T JoRERAI 5L
TR P A 2 A ) I — R R R iR Ak A ) B
FR R U B 4k 7K 3R IF ( Deep successor representations,
DSR) WL TR BE 4 K F AR B8 1% ol — 122 Jily S0 o 4%
(Reward predictor ) Fll— ARSI 4% (Successor
map) ZH A, B A DR A5 2 X6 A i 1) 24 i 28 AR AR B5URK,
JF H Re 9 42 B+ H A5 1T 2R il — LR HUR A, B
HI 2 28 W T SCAR A Ji AT 55 2 v, B T 84
R R

3 REBRUFEIFENXKRERFHINA

Wt 5 0T 1P A R B8 5 A 2 > 7 R SRR A% 7 T s
ARAF L, B 22 BT 5T T U6 JE R R 5l 2 > i ]

FE 25 FhAS ] 80035k, 48] 4n 400 5 S A T S s it e 14
AL MR 2R B Sl 22 2 T 2% i
S B RE T S A N B T
[ FH R B 5 T 2 >0 R ek B AT 114 IO 246 A5 70 45 44
B R B RR Y. E RS T AL B SO A
B, TS R G ALAR R R A A iR
FH Bl 2T 55 # A 1R 2 W A TR BE Ak o
SRR3R,

TR 5 Ak 2 2] SO A BT 55 B 245 6 — i
A W SCAS 1Y )RR R R A Bl AR Y, R R
FR A — L6 PR35 15 B 2% ) SOARAE B SR, IR
BAEATRE S o EA—FE0, 7T LUA A R st
JrC. T AR 4 o Ak 2% 2] BRGS0 A 4 — S AR
M TAE.

31 ETERY

X7 — M R TR BE Q W) 4% S H: el gk 3
B, B R BUOSCAAT: 55 B AR 2P AR SRAT 55, RS AN
SIEER R H AR E T MR X, a0 ALY 36 5 T3¢
AU K A

Narasimhan 46" iz BB IR BE Q W2 i H7E A
SR H A I AE 55 v, AT 7 TR B L A4 AT BA 4 %
JE 5 Ak 2 20 B A0 Ui X AT S5 Y A L, A
[Fi] P B AE 2R A 3] SCAR i R X . AN T T AT
e ARy R R 2 2 U0 R I T, SCAR i XK IR S
ST SCF Y, R — B R K AN A S,
e TR B — B B SR R IR AR — A
R AE 38 o 18 2 0 4 B 4% (Recurrent neural
networks, RNN) PO ) — A Fi R A #1012 2% (Long
short-term memory, LSTM) >R 152 BUIR 2515 B4 1%
AH N 1 ) 2 7R B, o ) A A RS Ry A B
ZAZE A M S, A W 48 2 sh AR
A v B A~ B TR (R R S PR AR, AR TAE R Rk s A
& AR — SR M-I NIE . Rk
FEREA SR b X IR 25 oR B8 AR K A BRI 2H B A
SIETR A, RN b, e B 2 — -4k
A WM WAL SR Q ML AHALL, F
FHAR LS8 19 28 55 13O bL i AR T 2% 9 3 2 ik
. EJEEHE SR TR Bk KA
WHCAZ M 45 —R B Q M %% (LSTM-DQN) 53 12 Fl #l
FH A% 85 19 37) 4545 ) BOW ( Bag of words) 8% —. 7
1) 4% BI( Bag of bigrams) U A% 3 78 7 ¥4 45 & IR
Q M 4% Ry B8k, 45 R 3 WA K J 110 12 I 4% —R B
Q P28 7E 22> SCAS Uit X AR AT B A A5 47

He % P AN B[] Narasimhan 1 8 £ 25 [A] 4 1
B R AN R0 AR, AT AR 22 SOAR i R rh
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e 158 S A 48 4 1y e 2 BOR B IF BRIy,
TEBAE 4R G 02 RIE AT AR 1Y, X T I S i — i IR
JIE Q 28 (1) A8 2 B YR R 3R 1 B 412 il A 326 3
PERLIRZS 5 ) i A e RS E-TR I Q M 4% (Max-
action DQN) = 4 — Ml {6 16 B0 11 73 1] FAR 25 41
& e i A SE-TREE Q M 2% (Per-action DQN).
VB3 25 T — i oS i B8 30 R 2 R Ak A DG 1 I 2%
( Deep reinforcement relevance network, DRRN) ,
6] T A IR Q P28 S RS R EH & 5
iy A TR]— 1> 000 % T SRR S oR AR, TR B R AR A G
P I 285 8 3 s AR A 1) ) 5 R0 2 Bl AR 1Y 1] 4t 43 )
B A TS TR B I 2%, SR T R A T 4 1 g i 0k
MGG TE—BAE MRS (E R L. XA L RE
il RS TN B A P AN 5 T8 43 0 AT PR R AE, SR
Je HER S Bl VR 2Z 1] 1) G 16 R B AR R I 4%
YR 28 A5 R I 2 il e KAk, S gl R R
TR 5 A0 AH DG I 28 B33k X6 T 4 o i 32k sl A i
RS LU e KB E—TRFE Q M 4% (Max-action DQN)
A SVE—ERE Q M 4% (Per-action DQN) #4155
EAITRN L 47

bR TR R B A AR 2 2T N A SR T R
o D IS R LR B ARTE SR S5, TR
thEs S s AR A RN — Mg 5D BOE PR AT 2
E T AR EIESNERE 4, AR IEF Ly
SCAS A AT 5538 23 TG B K A 3R] 23 1), ol
WA B R B shVE2s 8], B it a7 588 A A o TR B
Q M B PE SR AT AN 1. &R X LA 7] 81 Guol™
HB T T T B R HE SR i e SOAS AR i TR) A v B A
23 () ask KA MER. A3 R FH R0 1 2 B — e A A A
oY RS e A TR Q 2% AR Bl Bk Bl AR, X RE
KRB TIRE Q MEFT LA M EdE, N
BRI L1774 N G e 7578 1 R IR | = B 75
FH ¢ B 220 g A SRRy 3R AE A ¢ B 20 AR
JH BE 2 AH AL 0 DF 4 48 A5 SO DS 8 4 48 A
( Bilingual evaluation understudy, BLEU) B iy
Jal. T B A s % gt P R ) 4 e 099242 I 4% AR
R QM5 1Y 28 B L g JE AR SCE T
10000 4% /n) 247 g 5% P A 09 I 25, 11356 T IR EE
Q 19 265 AL (7% i AL 25 S ot A BRI A A 4 A 25— 2L
B a) . SEER g R R W T IR Q W 4% e it 1Y fi
T g 2B LAY 1) F B AR S I 0 A2 I 25 X fige 6
A= B R BN, BT 3857 0 G PE A R 4
F8#5 (Average smoothed BLEU ) B /.
32 ETREE

BT R B 7 e 5 SO A AT 55 A5 A 2K

T o ) R B ) 4% 2 2] A e Y SR e, BT
W) 4% 2 B0 R AE 1) T BE B 1 SR W, ) 2% T i s )
BRI (Token) 17 = 1] 38 X W () i PR R, Bkad T
THEAA sRE Y 20 B8, MARAS B fig P dm) i 25 [l i K
F TR) R, 3 b 7 1 PR AR SR W B B 7 ¥ (Policy
gradient method ) I, 5 1% % 2% ( Policy network ) 1,

Ranzato 55 4§ tH 2 i 1 SCA AR BAE 55, Yl
SRRERVI 45 78 T SCASJF 41 v R T Y S 3R o i —
T2 ol O =0 SR AW i 11U 2 N SRR e TR o
LY 1 B I A SCAS e 41 o 1) L SR i, LB
Yl T 1A A= P I ) R R SOfE B AR —
A, — BRI A A IR EOR, Bl &
R — EH BN, A SCAR T 7 A K g 22
Pt 22 ) 24 A USSR v ) 3K [) R R =2 Dy i 1R
25 ) RECT. TR AR B il A iR Ak o ) Bk
Yol Az 1) AT 55 WU PEAR 8 bR, A R0E AL B 4
FRAR S T A 2B A 3 B PO An ifE (Recall-
oriented understudy for gisting evaluation, ROUGE )",
R T FH 5 A 2 2] SR Mg R SCAS 4 AR (]
1 3 FE A6 20 P 25 0 246 RINN 45 44 19 SCA A= Rl At 75
B, B S5AME MR #IT5C B, st 24
) T RN TR SCOAE AR S R B R A A AR
. R SRR RN, 1217 RSl Be g 17 3h
VERZERE. ] B A5 28 UL 000 3P i ] 108 L3 TP A
35 bR AR T R R 1) o B IR e AR
(ROUGE-2) 1E J Il 2 B2 RY B 19 22 Jily, LAk B A 2
e RACE R R AR TARR 6 — 4 S A Y
YIERROCR I B —— IR A 1 1 X5 U R Ak 2 >
(Mixed incremental cross-entropy reinforce) , 4. 72 [
I s 2545 B DLUHT A9 SCAR A sl AL 47 Ft 1 2k, Ak
H br 2 e /N AR BSOS L S SCAR 22 ] 1 38 X
T, s 2 2 5 B A AT I s A0 U1 25k 0 90 24 4 28 )
28 A YA A TR B i Ak 2 ] 1) SR I 2%, Ak H A
i KA A B SCAS B 0T B il TR A 4 A
S R AL 25 2 Sk N B SRS HLas B A
PG AR LA R AT 55 Hh kR A5 T DA A9 ek ik Dy i 76 1
JURUFE PP R 46 #1 (BLEU-4) Fll3& T A 7] 3R B e
() —JC £ | WA 15 5% (ROUGE-2) 48 b L #8457 A [F]
A3 TE

Rennie 5857 A FEE X A SRTE 5 AR5 IR B
A RSB AF AR B DR 22 (R, 420 T —Fh A PEAR
7 0 I 25 19 5 Ak 2 2] 553 (Self-critical sequence
training, SCST). 7£_Ii& Ranzato i TAEH, T ik
S 98 /N S W I Bl H A, A AT R 2k [l 05 A
) 225 Rk SE PR 2 il AT 10— R AR, 1R
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AR X AL R A . SCE TR T 5 4h
— PP RIS 2 2 Jr i, AT LAk S I 2 S0 A5 A
LA 2 ol 0 RS ) B 3 e SR R B A
W, K RN VE R S % 22 5. T R 2R R
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X B A1 T o 22 I 4% B 50 7 A ) TR i 52 R R
FAE, FhRE P A5 3R] 2H RSN SCAR 8. AR S5 X
A0 28 1) A L0 SCAS R A 3 S8 2 Dl S AR A
B ] 1A AF W 2L AR T DAk A A Oy A B )
(18 52 Tl BT, 36 e SR Ao B 118 0 R oA AT ) 37
MM, Sz Bt iy e IR, Aty )it 2 TR
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evaluation, CIDEr) " $§ bRV Ay 22 Jil R 85, 76 iy
AT Il UL P A 5 s 4 (Microsoft common
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He 56—k sn, Jf 5 & SR 10 58 T 4L U %
R VA 48 B A8 8 foft JFL A B 5 8 A 40 BUE R 4 1
Wrdatn, 3T F BERE R A E BIFN s, 5 T3
i BE (4 I ASCR R0 S 25 BORD P52 ) 0] 2 8 PR 8
(METEOR ) ") #R 753 21| i 5.
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M L SC Rennie 5588 1 19 H PF0 19 75 51 1 2552
ooy ) Bk, E AR LA B AT 55 9 PP 46 A 6 T
PEN IR~ I ol = A 1 7 O N Y8 7 S S A 1 3
B £ B IR bREVE N AL B s S B AU H]
SR, R e T R ER R 2R . AR A
B AR AE 22 A i 4R 1 O T Y e A S
Wu S Sy T8 A S AR5 LR SO — S,
WIT T RENE T — St i 22 Rl LAY, JF4 I Il
il B R s Al b 22l G B 25 528 (Reinforced
neural extractive summarization, RNES) 7. [ #55 #U
[F) A 1) FH SR s 60 B2 O W AT I 2, IR AR 4R
A LA T ) B U R — Sk

T T IO 35 AT 55 A A8 T A SCA 2B AT 5%
MF, A RKRE T AT 0] U, i 75 2%
A B ] 55 AN X s R SRS . Li S
B TR R A 2 2T X A% Gy 0 B AR A R T
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Fet F AR 5 AT 55 4 L, BT T AN FE bR e
B[R] A il At AT] 43 S B A ) B A R,
FEME EREMILX Oy M E S . it
Wy ¥k, fE— R L] DLBE S XS R 40 e
=AY T MY T R e LA ] 2R 1 A
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ARG 1 42 3 T A A R o ke SR 3] 4 SR B9
X & RGAE T A #5102

TE e FAT 55 1 % E 2R g0 v, AR X i 11 3
K % 15 R HEAT o3 BRUAR T HOC AT 55 2 —.
Takanobu 45 £ H 1) FH 5 W o9 28 i1 J 191212 9
EANZE A TR BE M4 58 AT 55 . B T ELZ AR iE
5E 3 2Rk, VB35 LUAT 55 I3 40 0 55 1 B 2
2 FUT B bR e ) R AT 2 56 60 PR X i
FEEATRURLRE (AR e, 7= A A 5 s 1 U R s
T 5 W 75 1 s 2 000 40 26 DI bR 7S R AE X 45
ISR X 45 . SR s o0 6% By A 1) R 2 0 el bR S 3R AE
W0 265 15 I, i Y SR R T R R RR AL
JE U M 7 RO 20 0k SR M 4% 2 I RE RS IR AR —4LEr
1) AR BT B 28 B B8 16 AR S RAE
W 28 R AT A B M 2, T IS TR R AR AR SR
fIE. BT IR S R AE 28 1o 5% W 190 4% B 1 3 114 32 fE
P&, T A A A R, RS A R 2 AR 1k
FONFUREM. AT I b R 2 R AE W 45 5k ]
DLREAT 32 R4 0 AR IC TAE . A6 25 0 56w 0 2%
05 b i g R T M 2T 55 AT B B S Y A
RO, L T 2 ST 0 2 Ay W B = 3T I 4% 2 fHEAS 7 T
B I SRbR 25, Wi 2 o W 45 O o Ak 2 5T 0 2 42
BERZSFT A, BE A Y Z5R3 6 A~ ) 45 d5e 24 52 L 55 W
BT R ERE . AT TR s R 0 ) %o i
4 FUOE T B RLTE A E L bR T SCHE AR
1245 ARG IIRCR . AR SCHE H 0 35 1 SR 0 1) 4%
F1h) 555 W 8% =% o HEZRAG AR 4 i o M Ak bk, R
% o7 FH A A e = 5 35 A5 2 B0HE AT 55 v
3.3 ETFRBMESREY

F T 3R W RIEL PR B0 7 75, A T Lk e A
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PRFICR AL SR IS 2% . 35 T SR I 9 ¥ T 24 —
A 015 45 B 1Y) B4 PR AT 27 20 T ER T Dl A A
B DA B i, S T A TR W Y ke ) AR
AU, XA T R A A ) R FE B A
P AR TR E QIO 48 17T AN S HH BT 4 1) 2 1 SR Wk 1 7
ok AR SME. MaMEE N ERIES S TRT
B PR T ik I, AT D[ 5 A 8 S R B 20 R

Bahdanau %5 $i 4 F1) F 58 1k 2 > i sl VR & -
TP 35 HE 2R RN 244 28 I 4% 45 4 1) A5 Rl 750 R
A0k, IR Ik Ranzato $2 HY RO 1. ELIARAR
S P A LAY (Y G B — i B 2 I 2% 4 A R B
VBB FIEM 35, SR &R T 9] X3R5
oy 3 FIOIN R AS 2 371 95 DY 35 D0 24 422 AT L S I bR 2
J¥ 51 Y M VE& TE ¢ B Z0 26 B 0] iy, B
RE-BMEE Or, P Or BINZRSNVEE M 2%, anl&l 3
Ji7s.

Actor Critic
Po 9y
Ql: Qz""y QT
Decoder Decoder
I d
1>.)2 > JL
Encoder Encoder
\
\ State of actor 7
\ //
\ Ve
- - N //
Xy Xoy 0y X, AN e YV Ve

B3 aiffEE ST AR IR

Fig.3 Training process of the actor—critic framework

[5] Fsf 1 2 3 SR ) 17— S8 1 R i T T8 g 1
AE, AR IS ATR L Q I 2% Hh iy H s I 28 2k 34 3]
TE IR H Y. B G, 34— 2B R Oy i
Ja W B, il i X A sh AR AR AR I 2R AT
2y A CITI Fe 51, AR RT LA G Sl AR & RTEAR
HAHEAE IR S A5t LUK, RN 25 HUX 58 2 i 13
DN FP B0 8 b AR 0 AR D 2 Dl i e X A — 25 A
B A 58 B 7 BT AR AR AR o, A ZE 0
T SIS 2 Dl TR 2 Dl st AN UL P A TR T R AR
56 BRI A BE AR AT, [ A3 IE & B U 2R A5 5 A A
B AR R RN T OE S A IR BB AR AT BAIR
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LR A T AU 25607 V5 R4S B v 1 XU DAL B e g
NIEEE

Su 257 f5 B 1 B AR 2 PP B R Y Bt
SRR TAL 55 S Ry X R g, OF Higws T
SRR O B Rk A0 o ) R, iR T SR
F IR R B2 By IRl R A B 4 X S Lk
] LA A 2 2 ) 45 5 4 e 3 56 [l &2 )% 31 AT 55
155 F bR 2 fo KA I A . PR O 3 T SR 19 5

2 S A 0 7 A SR STk, (HR A R
W T Bl R L SR A AR ARATR AN ) WAL S B SRy AR AR 0N 18 1)
R, PRI AS SCR HH T b SR VA VA T IR A A
J7 ¥, 43 R 28 50 L3000 A5 s S B 1 o Pt 2
& 71 ( Trust region actor—critic with experience replay,
TRACER ) Fliy £ 55 81 75 A AN 22 S SV 5 — PN 25 A
# (Episodic natural actor—critic with experience replay,
eNACER). Hij % ) FH B 2 SR A Ll 328 9 22 46 o]
TR RE BT A5 7 S0 AR A B9 2 Tl T B B R T Y IR
W B9 I 22 5 5] B SR F Wang 25 8 32 ) A9 el 15 it
3k % W& £ AL ( Trust region policy optimization) J7 %
fifi 45 SEBT Je 0 SR AN 2 D 25 7 K SR g oK 22, AT
PRAIE T 5 W B9 FRE SR, AN 23 H BLACOR 110 SR g g
Bl N TSR AR R AE BE N U 10 AN g
UEAS FR E 4T 5T (14 [A) , SR Peters 5 Schaal® 4
B B SRS VEE - # (Natural actor—critic, NAC)
S b2 5 WU AL, VA T AR S pR AR
T 1 ( Compatible function approximation) A~ ffy B K
WA TR PR B N B S — M. RS
G b X HL 3 5 8 T TR BOHE A L AT S
3 o XF b v T 2k A 58 Ak % 2J ( Gaussian processes
reinforcement learning, GPRL) "%, ¥R Q W %%, 42
50 1R 0 ) 155 o5 3 3 A 3 — PP A0 5 A A T 2 56 [l
T AN E S B A 2 V7t o 51 A Bk R AR
PSR A TG RO
3.4 HwK

R s Ak ) B RE SR B — & i3l FH Pk, T
SEAR Z2 W57 35 FEL IR B 0 Ak 27 > RIS [] 18 A5 7 AE 42
SRR R A, BT SRR T AL S5,
B 7TAR G MR . A BN B M 4% ( Generative
adversarial networks, GANs ) f& T 4F iz K #A R TR B 2
SRR Z — B SR W SRR IR K2 1Y Goodfellow
AEUN 2B TE 2014 AR AR IR A OV HT IR 255 2 — il
A LY (Generative model) , & F FH — > H1) 1) 5 15
RUHE T A OB R (R I 5, (0 7545 Y e 28 BB A% 2 ik
PR BB . St AR R R, A BURTHL I 2%
K H MR A A 2 28 n] DAARGE i g HH T R A AT
%, (HRTE A SR8 5 AT 55 v i ] 3 T i o — L
PR, A BORT e I 28 v 110 A= o 285 R0 1) 2 A58 78
i 2 5 A ] G, AT REHEAT BRI Sk, T B AR IE AT
55 i B A B B AR IC T A1 ) — A ME AU AR
KT TE DX 285 118 ) S50 A 70— i 2 %o 5 B I 4 gk A 7
B, T ARTE T AT 5 A B O & R A T
GINFNZ S A 5 56 38 7 40 1) Jot S AR EA T IE AN

B TP AS AR, Yu SEUVH T 81 AR AR
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XF BT ) 25 45 84 ( SeqGANSs) , FUR B 5 Ak 2% > P iy
SR Ao 2 7 05 N G 2R RS Y R S R 1E 81
AN BEBEAT AR B THIA B0 ()R [R] B 3 i 58 R 9 4R
FRA A TT SR 0 28 A i & 53 1 31 AR
REAR BLSE B 81, B2 A B ¢ AR RS e 4
WA TA R, SR RIS R R Ay 7-¢ 4
WA N AR EEAR, B R A T DR A E
SRR ¢ A TR TR A RS R B N AN A
) i R 3X 28 P B BEATIEA, 8 B AP A SF 2
(EL O A e 2R 4y R Dl , AT A ke 1 3 2R
G AR ) B, YN it B an 151 4 B .
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Fig.4 Structure and training process of the seqGANs model
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RN T0FRAL, &5 X b 7 B R ARBR A 1 7k
K EAF B I P50 217 HI R DL R AR 34 4 4
(A X5 BT~k Ak 27 > B R RN X B~ 25 A i il A
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W 28 TS AR AN B R A IR Z AL Z AL, X R
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TR G B s A = 2] % 37 A X s R kA7 %
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