BIEFEI—2 1Y MIHITS Commonsense Knowledge DFRE
A Survey of Commonsense Knowledge in Reinforcement Learning Agents

Ff b BERER
Ryotaro Murakami

LIRS KHEBFFEE
Ohta Laboratory, Okayama University

BME AMS LWEEE SOy YOI N THIAE
KBIBZRELBEOUVEDTHS. g, =—V=
¥ M A D (Commonsense Knowledge, CK)
R E S 22X, BARRNEERREICES L ATE)
BFEREBT2-DIARRTH 2. KT, BETD
NTVRI—Y = MBS CK BEOWIRL 20D
2B F1ETH % Reinforcement Learning from Human
Feedback (RLHF) 3 & U Deep Q-Network (DQN) iZ
DWTHAEL, SHROMIERMICOWTHE LTTé %
FrH5b.

1 LI

AN D H# (Commonsense Knowledge, CK) & H
WAERICB T 2 BRGNS U 7ATH 0 Al
L2250 THD, XWRRRIUIE U 72 T80 G &
AJREIC S 5. NTLHIBEOWIZE, FHicBASELHE D7
FizBWTn—Y =y M2 CK 2fHARAA, ABSL
WEEZEZ 2L 3KRELHFEDVDLEOTH 5.

CK IZHHER AP ERIC L o TR oM 2720, B
MEICERS NIV — LT —&ty PTREERBEIL Eh
BV, 2Dk, ==Yz M CK 2HEET 51
B KB T — 2 DB TCIRA»DH 2. 22T,
IEETIERRCEEFE (Reinforcement Learning, RL)
ERWE7 7u—FBEREINTWS. RLET—Y =
VIDPREZEUCRBREEDL Z LI XD RERIT
BT 2FETHY, NHoLE2EETLIL
PHFEINTWS. 72, ChatGPT @ & 5 % Large
Language Model (LLM) ZF|HL7ZF v v bRy b
&, Reinforcement Learning from Human Feedback
(RLHF) WS s{fb#EHZEH L TAtDaIa=
r—>arizBiys CK 0E{EHIEL TV 3.

AfETiE, BEFHZINATVWS LLM A0 X 5%
CK 25 TZ 200, £/ CK BB iy
HFHETH % RLHF & Deep Q-Network (DQN) Z#l
MALZFECOVWTHE LR E D, 5%OH
B e RADHIZETEHC OV TGRS 5.
2 LLMICHIF5 CK

ANES LVWREEFEBET 2720120, =—I = b
BN O ZEE T 20ENDH L. 2D ZbHEMLE
¥ Wikipedia 12k 3 & T#2fcE 7z aie Bbh s

174, TOMYEOZ L] tXATWVWS.

TiX, HMIEE D X351 LTARB DY 7= D |0 HIG
RITAEEZEEITNEIVDES S 0. ALAEOR Y
HIF N B~ —T 4 v s IV AF—RIFEHICTONWT
FEERC WS OB S OTIdRW. HICHERE, &
LADKIZHIZOW:, 72 EADFERAWREZ 1S
RBERBMARTHS. | dlRTEBY, K5 I1EHHM
RIBAIRHAMNMED & 5 RFEEICE S TWRWZ %
L Twa [4. 2% b, BRASHELHICET 2 CK
DERIE, TFAMNTF—RDORE—VEEHT B
FTREATSTHD, T—Vx Y FBXEORKEH
fgcEhhnwzenPHaIng. EBICEDS (6] 13BEE
DO LM BEDRECK #HALTW2D0HE L.
2800 BRI RA—=REFFOIN T VR T A=< —ET L%
FWT CK HEERHI2 4 DRy F~— 2 ZFHHi L 7=.
FHMIEER LD, EFAY A XOBIMZE D H2EED
HREom xR SN2 DD, ABDOLRVIET S
WIFBIEDET VLD B EPICKERT — X DBHET
H % t a7z,

L Lds, KEBZTF2 N F—R0O¥EE I
EREZFRE X v 23003 20HENTIER W, L
72235 T, LLM DFIRINC CK 2153 % 72121358
R X 2 RBBOBAEREI TS ZDEMNTH 5.

3 m{tEHICLS CK DERF

AHITIE CK BED DI ST 352
DFEIZOVTHNT 5.
3.1 RLHF

RLHF ZABD 7 4 — RN ZEFH L 725t s
F (3] TH 5. RLHF 3R 11035 3 00%8 71
L 2AM 57 %, Stepl TEHBEDD 774 vV F 2 —=
> 2" (Supervised Fine-tuning, SFT) Z#fH 3 5. %
FicHwa ey rezuc b LeEE LWl
ENDPHBELEHBETAVE I 74 v Fa—=V T 5.
Step2 Tk, #HM-E 71 (Reward Model, RM) % b
L—=r27%%. Stepl TYERRLZETVEFRAHL, —
DDTH YT NI 2 EBONEEZHEL, HFELW
NEWC NIDIZ > 732175, WMES V22D X5
WEETZ2Z2T, Mk osk7Tunr 7 vrnEzxoni:
FHC & D& E L & FHili S A7 RBITE WG E XA &
DI EEH Z LA TE B, Step3 TIXMME T 11C



Stepl Step2 Step3
BEHY 774 Fa—=vy HHEFLDFL—=VT FY v —oFBEk
CMOFHT AT CEEB LY ATNOWEEME>T HEW
EWAL TR EL <rEEL
l EhEd HRL- RO
© o &
Q REHEL R BRIz l
[RERRE) &AM~ 4 HabBECBI
| /Q {
0>0>0-0 ]
SFT =2
\/
=3
RM l
@ @ @ ©>0>0-0 Reward (480) -

1: RLHF O

MUTKRY =2t s 5. WEFEHIIBIIERY
=X, BHEOKETRIZZ =2V RS WVWHIT
FE L INEPERET 2L ERKT 5. OpenAl
@ RLHF T, iE#R Y > —Rifl. (Proximal Policy
Optimization, PPO) [2] £ W5 713V X aZHWNT
W3, Stepd DEFHOFNE LTI, $37—Ktv
Fr STy T MNT 5. KT, ZORA
TORY Y=o THIE LT vy 7 b2 5IREX
BHERL, ERINLIEE WM E T VICE 2 TR
MEEE ST 2. Foh/HmMz o> CHAERHAINT
WBRY Y —Z I hEWERIBESNZ LHIRFTE S
RVY—AZLETS. DEoTov2®iEhiRsoe
TABS LWHEZHE T N TE 5.

3.2 DQN Z#AHL% CK BSEF&

QFELIX, HIIRETHLZTE LR o721 D
BOIZEOHIRHE (QE) ZFHEL, 2o QEZERHL
RVL¥FEEHED 2FET, DQN X Q¥HFIT=a2—
Ity V=2 2BALLBILEEFETDHS. Q
FRICBLTEX (1) TQHEERD S

Q(s,a) + (1 - )Q(s,a) + a (r + ymaxQ(s',a’))
(1)
ZZTs, a8, d, ridEnznBRE BHREBICBY

THEITINATE), KRR, KICEITEN21TH), KA.
s CiT8a ZEIT LI TOWMERLTNDE. Tz,
EERX o, BI5IRE vy TRINS. DQN OFEE TIX
TIRFED Q fERZ Z TS T 2 Wiic o = Q [z Gt
HL, —2—Il%xy bU—2BHALEQELDHE
KB EFE L, MRESEREZITS.

¥R OF e LT, Joshi &DF5E [1] TREI N
ScriptWorld ¥ W5 7L — 24V —2 %AW/ DQN %
I3 5. ScriptWorld OME LK 2 1TRT. I
RN A XY b OFAE F L D7D ESD (Event
Sequence Description) & 45, HEEMICEBIL
ARV NEIZIRRYV YT B, RIHER L2 5
2AR% ) =KL, ARV IOIEFICESE ) —F%

RALERDIRY bEFLDHS

S mmommem~s) N [ Ln
BRORRERRT 3. | o

BRINCEIVTT T 71

E T
>3 U A DESDs
S

DELEEEINT S,
EREXILS.
EEBETS.

BEREEEXT S,
|| ﬁﬁﬁli )
X 2: ScrlptWOrld 12812 ESDs ZHWRIRIE S Z 7
ERR D 7 et 2

e D\ freosens)
7
B

T2 THEMZ Z 7RERT 3. ZThER

I 7R, bt FEE T - v Fd&77@/—%
ZIREEY LCTHEIBEIL, 7 — FICBEE L2 IE LWVIBIRE,
ZRUHMEE2 e TEEEED L. ARS 5] 1
ScriptWorld OEHIZ DQN ##A L, CK 2228 F
ZFFERRERE L. ERERLD QFE LU T
REDM LA LN, ANEROINIC X2 CK OES
WL 7z,

4 FrHLSEOMRAH

ARFETERMEEE -V MB35 CK #
D7D ¥HFETH % RLHF £ DQN AL
7. RLHF iZ A5 L& % Al E7 MK T 3 53T
BENLTWS D, BERECBVWTABEZEHLNLD
BHERERNEERT 2103 RERT — X HBQBET
H5. LENoT, SBREANEONEEZDEYL LRV
s PRI k3 CK R HEL k2. BRI,
ScriptWorld IZB1} 2% ESD O 27 7 2%V v 7% HE)
ft52 T, MlLEBoRR(LrEET.

SEXB

[1] Abhinav Joshi et al., “ScriptWorld: Text Based
Environment for Learning Procedural Knowl-
edge,” Proc. of the 32nd International Joint Con-
ference on Artificial Intelligence, pp. 50955103,
2010.

[2] John Schulman et al, “Proximal Policy
Optimization  Algorithms,”  arXiv preprint
arXiv:1707.06347, 2017.

[3] Long Ouyang et al., “Training Language Models
to Follow Instructions with Human Feedback,”
Advances in Neural Information Processing Sys-
tems, NeurIPS, vol. 35, pp. 2773027744, 2022.

4] v=V 4> IYAR—F. BHHR DO
=, EFERE, 2000, p. 14.

[5] Ryota Kubo et al., “Reward Design for Deep Re-
inforcement Learning Towards Imparting Com-
monsense Knowledge in Text-based Scenario,”
Proc. of the 16th International Conference on
Agents and Artificial Intelligence, pp. 1213-1220,
2024.

[6] Xiang Lorraine Li et al., “A Systematic Investi-
gation of Commonsense Knowledge in Large Lan-
guage Models,” Proc. of the 2022 Conference on
Empirical Methods in Natural Language Process-
ing, pp. 11838-11855, 2022.



