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1. 3%

%45 5] (Reinforcement learning, RL) £ A TH AR E £ H LT @ —, L5
R EiA& AlphaGo 892 2 #it NT KAXALEF, 7 shE K& S A (Large Language
Models, LLMs) W35 &4 2] 7T X0 ER, Fld AL R B3RS )

(Reinforcement learning from human feedback, RLHF) A & 49 & 15t 4A N KAZ A 49
WETAZ, MA—FFNEHTE R, BUF T EZURTARTRAEAEFE O
A%, ki A2 HH5EMHM%,

A 1: ARRBIBRLFINRER

© Collect human feedback © Train reward model © Train policy with PPO

A Reddit post is
sampled from
the Reddit
TL;DR dataset.

One post with A new post is
two summaries sampled from the
judged by a dataset.

to the reward
model.

3
g
B
e
g

Various policies The reward
are used to :t model |
sample a set of t‘\ : calculates a 330

The policy m
generates a
summary for the
summaries. —— reward r for
: each summary.

post.

- g -
Q

Two summaries

are selected for ! \

evaluation. H } \L
The loss is i B The reward _
calculated based k ; model calculates ii?é)

)

A human judges
which is a better
summary of the

post.

on the rewards. ._ a reward for the 4 ;
and human label, ~  loss = logfg(r - r. 4 summary. 00 ;
and is used to 9(alr-r.)) /
update the
reward model. "‘ The reward is 1

used to update

the policy via

 is better than k” “f is better than k” PPO

4% &% : {Learning to summarize from human feedback)

BEAEF ] ZIVRERIUR T, EMEZRELHF I (Supervised learning) AR
4 A (Generative model) . (LB 53] X EMAZEZHILT 0 EZ W 53]
FIZ—) MmN BTMEFINERS 5L, ARLENS TG RKENAE;
(AT cVAE #3838 350 T RGN RA—NEF I RZANNZ =) ABT —
KA AEA A TS ash%mAE (cVAE), FIHBHACBIRGIKRESSH AT
HABIE %, WA T AT R TN AL A 69 A s (AT Logsig-RNN &9 2 37 34 4% 1K 3R
LB F—MEF ) 272 =) #H Log-signature T #eak4 B A &3013 &, ¥
HAA A B B, B R E % (Recurrent neural network, RNN) 3% kK &9
i1 R P A3 AE ) AR E L E T o ABRIREN MR F DA BENT, KE—XA
#3% M5 5] (Direct reinforcement learning) 7 &, BP A3 3%4L 5 3] (Recurrent
reinforcement learning, RRL) ZBH-F &R 7 @ay 2 f, LA TR m T kF
BT REFHE 8, KRG 75 XA R 6 7T AF M 5%, R EM1EE
iy NA= B AR 30 (Objective function) #LibiEAl # A R &4,

AREO N B ZH T

52 FhMANBRERLFEINE AR kL, BEH RN RERAE, FHIIAN
VB BAFIIBRA E3F A AT BT MRS POERAEF IR T, RENEBA T RRL
G EF oMk, LEEARTEING S X, FEBAERNERE S HERGOET
SR T kAT b, B4 TR,
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2. BAFEIZRELE AR

B 2] £ B4 AR IE (Agent) %2477 ££ BT 4k 37 3% (Environment) ¥ 5K 5475 (Action)
1E1FREA5 IR AF R K 8932 B (Reward) . 3245 3] T A AR F ] Rk R 7 X, £
TAHGEEAEREPHATLEL, AMETALLFHITUABRAFEEF] .,

Agent }

State New state

B 2: BUFITER

Action Reward

Environment

BB RR: HRAGER

kL, RIEEZAEELMIKRS (State) FTA TR (Policy) kR RBATH, EIKF
LRI BENT F—ANRE, REEFZAFHGRETRERBATH), dodbii 4
EHR, ERFTAERWG TP, THEARTHFOLELRE, BF S mL ek
AAEARS, BF ARG EEANITH, &R BT T a9 NAEHNEE, Fe&pp
AT R T L AT1E &3 L2 LR BFRLGERETRE,

2.1. A Markov # F 342 9| 384052 5]

Markov # % it 42 (Markov decision process, MDP) £ 3&{L5 3] 695 K ok, 1EAH —
AN 8 et ) a9 [ ALaE #1 i A2 (Stochastic control process), ‘¢ Xt Tk &S 69445 AR B
RO H 2 B AT AL . Markov & R iEAZ R A Markov 48 (Markov chain) &4 &, T~
Bl Z 4 & 5INT HEAZ B e huhl .

Markov & Fid A2 — AN ALU(S, AP, R)e LFSETHAKRENES, FIERE
1] (State space) . AXRTHTA HNEGEE, MHAEFEZ (Actionspace). PR T
REHBME, BRI, Pgsq:=P{Sts1 = 5'|Se = 5,Ar = a} R T AL ZIsKRET
RFNFab BB KREOBE. RETREHRLEHMEX A, BARERIL, Ry,
= IE[Rt+1|St = S,At = a]%ﬁ?ﬁtﬂfi’]s«lki}'Fliﬁﬁ]ﬁ?aﬁ‘ﬁ?i'ls'flk/"&fx‘%'-i'l é%//?ﬂ
Ry 893

Fokmk A T RS EBHENBE, BPr(als) = P{4, = a|S, = s}. Markov & %it

JE49 B AR R IR R 0 % AR AL E, X Z e LAG, = Y201 Resires

B A A RE I IAL ., A AT R R B AR, RS MME S % (State-value function)
F2 Q K& (Q-function) &2 XA G| N, AHE A A TELMNRET, REX a9

PEIRABIRE HHE B AL =R, LT

Un(s) = E[G¢|Se = s],

qr(s,a) = E[G¢|S; = 5,A; = al.

i 4ok ) 2 E UG B B B BOR B
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B 3: Markov 2R IAEATER
a
ay -
ds I's
I
Iz fo dp
7 ®)
a,
Ta
OF
FAERR: RAIER
M 4 A & Bellman #1% 7742 (Bellman expectation equation) :
U ($) = En[Rey1 + yvn(Ses1)1Se = 5],
qr(s,a) = Ex[Rey1 + ¥qn(Ses1, Aes1)1Se = 5, A = al.
F£ L, MDP & B A7 2 KB AL 69 Rk B L RE T, EEZREHRKENME
BN R KA, REESTKRESFhELFN Q KA N R KA, BP
v-(s) = maxv,(s), VsES,
Vs
Qr+(s,a) = maxq,(s,a), Vs€eS, a€A
Y
& 7T YAF 4 Bellman sz £ 7742 (Bellman optimality equation), BP
Ve (s) = 2’2}1{ {Rs,a tvy Z Pslls.a Vn* (5’)}:
SIES
qn(s,a) = Rgq +v Z Ps/is.a g’lgﬁ qn (s’ a’).
SIES
Bellman %2 7 A2 & FEEN R R TIMEZHH LK FA, Y MDP 8930 5455 <
i, T AR RATE, EERTAELNRETERET B OME, RAF &I 58
Q-table, A F R 54 t9iF4E. M Bellman &K 7 42 & T /& A F &AM DU T RS 0%
R X7, AHAEM—AT Adsh AHX] (Dynamical programming, DP) %, A
T2 ALK %,
MDP £ —ANSHARA, F 2R H T ARG T KM, AmAERIREA T RESH
BMEFARGBFE AT RS R, ARG AHFkTEE. F5b, HERARG
RRE T B R TRF], T H R AR ARE ZAHAE K. -S4k A MDP &
T, ERBB A, € AF LKA (Model-free) 33z H £ 4oid Bl RIEid i 53R
B0 R LIRIFE SR RRAR L #H RS (BExploration), B AT A LZ2E5 ) mMLE
w& (Exploitation), #X#r A Exploration vs Exploitation trade-off.
WL % E UG 4 7 9 B 6 /31
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22. HEHnEXEHEA

ARABERB G5 5] B AR, &AL ) H AT A AL TMEL (Value-based) H kA=A
T #9449 (Policy-based) H ik, woHIARtE RS I 5EABERNE )., F ik
H— R ¥ mE AL 469 Actor-Critic £ 5 %,

2.2.1. Value-based £ %

AT ALY H F 8 F AR T A MME R S a9 450, d sk K43 8RR K%, &
ARAE critic-based 7 & o X K H FHAGH P 1k K@ F @45 K& (Policy evaluation)
Fo f & 7 it (Policy improvement), AT iF4& % AT Kok st & a9 L3, BH L TH
B 6 2L B B3R 46 & AT P

(1) Monte-Carlo 7 *

—/~ B AR89 #8052 B Monte-Carlo 7 i & R AMAR K RFH Q H&k, PrikiENK
BB T SRR A MR, AR T A LR, B A Te-groedy ik
ABMAL R BAF R BTG Rk, E A A LKA 2. X Pe-greedy 7 kA —AN3]
NIEAUE 6 R R T ik, CAERKBERZI|MMAR S M ERT, LA — T BEEEALHEF,
STUAR IR E # % 09K . Monte-Carlo 77 & 8 £ AW, 123+ 5 s A K & AL EAK
TAE KA BT A3 EA T,

(2) Q-learning

B 1A £ 4% 3] (Temporal-difference learning, TD-learning) [1]i@ % 4% A T2 L& %
HEBBEALFE AP, 5 Monte-Carlo i AINRF, R R EZ—AIFE] 7 T L7 R
— R R EX, —AREMEGH XA Q-learning [2], CE LT — AN A KREF
HAEI 2 Q-value 49 Q-table, F %42 K T Q-table #9e-greedy 7 &, 1k KAZ & LR
T Q-table &9 5 £ 47, L5 X4 T:

q(StJAt) «— Q(St,At) + a (Rt+1 + yrg"]eii/)l( q(5t+1’ a) — Q(St;At)),
TUASE, HH ALPT Bellman R TAZ, FHHR + Y{.{lefilzl(q(stﬂ,a)’f’}??y
AR, alk B E,
(3) SARSA

B —AEHREMEGHE %A SARSA [3], €5 Q-learning £, {2 477 X LA
— R XA, HEHHTXA4TF:

q(Se, A) < q(Sp, Ap) + a(Rt+1 +vq(St11, A1) — Q(StﬂAt))'

ERAH, A AIAR s +¥q(Sern Aprr), P A RET ST Robmik e, i
AP iE R — &R AT Q BB H A LIF T XARA R (On-policy) . @ Q-
learning /£ £ #7 $AZ %, /£ £ A7 B AR89 S0 4F £ 35 LAZ ) greedy 77 A BPi£ 4% Q-value 3
Kayahtf, XIRE B PR B R —2, LA 7 XA B H (Off-policy) . Q-learning
a3t SARSA & £ i, RMEFHTEHMELERE,

W o0 183 I G WY F B B R
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(4) DQN

ix\ﬁ—«%iﬁfe&%jﬂk"% CAHVET E X8y, AT MBREZRETRERGFA,

R LA 2 M % (Neural network) &9 5 k4 d, BP A REZRAF 3] (Deep
reinforcement learning), 3+ —A~EF £ 654K & £ Deep Q-Network (DQN) [4]. DQN
B #f & value-based H- ik, "€ 1& A AP 22 M & LA Q B, #9535, € Q-learning
¥ 49 Q-table H 4% T Q-network £ /3K & T AR #4469, 5 9~ DQN & off-policy 49
Hik, ©3INT 2% ek (Experience replay) #75, BP¥ 53R E X LF 3 2%
(s,a,7,s) BTG, KRB FAIHIL mini-batch 3 Q-network 347 £ %7, XA KH
R THAGFA R E, DON AV 5 NT B iM% (Target network) §1% 4139 %
AR, BARMESTASHE T, L REAHKA G 6 Qnetwork £ #4806,
B3 B 2 69 H B AR &3 A £ % —k Q-network 89 5 ie. 67 « 0, XTHARK
A2 B EST AR & 5 5] B AR, A A TFEA D%, DQN 4945 % & % (Loss function)
A

L(6) =E

2
(r +ymax §(s’,a’;07) — q(s, a; 9)) l
ar

(5) Double DQN

BT DQN A&KX 20, Q AAA AT —MNKRES MR K Q 1kt it4y, 12F—
AR QAR LRI E T, XA FHAET QATIRA M RGFN, H
HiZAMB £ TH T4 . Double DQN [S]09 A AE— A2 Z LS M T X —FA, ©
Bl # 6.45 Q-network 5 BARM %My, BARRNA AL L 245 DQN —&K. 5
DON & £ 2 X A& T W&AE A 55 3] B4R, Q-network Al T #F301E, BARKZ A
T+ Q 1i. Double DQN #941 X & % 7

2
L) =E (r +v§ (s’, argmax q(s',a’; 0); 9‘) —q(s,a; 9)) l
a’

2.2.2. Policy-based # &
2221 RWBHEHK

Value-based H- il i MME f) 25 69 4% 1 K ARA 18] 3243 2] K 4L R w4 . Policy-based H ik
W A AE A Rk L B, thei@ it AP 2 M % m(als; ) kA T AKRSs T & FNEaty i
R FARBEJO)RIFERB RN, RGBT REHEHE (Policy gradient)
HAC B AR R F o BJ(O) A LA MRS ALK BT, Kb E <7 (Policy
gradient theorem) [6]%& #

VJ(0) x E,[q(s, a)Vlogr(als; 8)].

REINFORCE [7]1% Bl © 4G & 2114q(s,a), G YA® Monte-Carlo 7 &5 2], FTUAHL
WK B E T AT A

L(6) = —E,[Glogr(als; 8)].

REINFORCE #& on-policy f &, /&% RIIZE;, 1% F R 98m A i —/ episode, &5
o ] — ﬁ%ﬁﬁﬁ&%a STACBEF T A AY 2 R 25 b, AR ST VAT 45
Kb HOR R A%,

2.2.2.2.  Actor-Critic &#3

i 4ok ) 2 E UG B B B BOR B
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AT A28 89 value-based £ 7 AA — R HIRME, AALTR LRI HIEEHE,
MY R B ERENER A L, FINLAAESME (High bias) B, BpiEH 13249
MR 5 A EMAR K Z B G EEEE. @ policy-based X 7 kR A HF—& 5
Mk, 4o b/ 4~23 49 REINFORCE % &3F # 4T XK & 89 R 4%, 12K F) trajectory Z [a] 89
EZFTRAE KRS, ERX#AIINT & F £ (High variance) Fo#hE =% 7 (Noisy
gradients), *T AL %/ AL AL 2R 0942 2 M o A TTAB Y Actor-Critic RALEE T A X T
EdEE, FE—RAERE LEMT AL T R ARE,

(1) Actor-Critic
223189 Actor-Critic 7% /2 R AY 2 W 4w (als; 0) A& F e B B, B 5 — /NP2 M 4
q(s, ;W) e Rkt 5 2 3P 6 Q Kk, ATHMRBIRESRFNE, BH P EHEL
FOEFIR,
ARAE RS 3L, R R K KA

L,(0) = —E,[q(s, a; w)Vlogn(a|s; 6)].

P46 M 254% Fl SARSA ik, HARK B A -
~ ! ! — 2
L,(w) =E, [(r +yg(s’,a’sw™) —q(s,q; W)) ]
X2 5 DQN £MEINT BARRZ RIERM £, BARM&HAITE TIT~ARL,
(2B & % # 2 #—k. L3y Actor-Critic ik B 4 £ on-policy #9, £ % s 5 Ix
WRE, FEWAA(s, a5, 1), THL AR REHK, KRR AR ETER
As"TFHGE ERad 12 RIAT, &G H TD-error #2L, Al T £ 31 4& K %,

B 4: Actor-Critic #HT+E B

Actor

TD-error
Critic

State Action

Value function

Reward

4 Environment S

IR RALIEHR

2) A2C

AT BmNERBEPOAEIT T E, EBIE Actor-Critic H ik P 5] AL i £
(Advantage function) 32| —AN&#tpk &K, BP Advantage Actor-Critic #-% (A2C),

BBy 8 R LA EA A RE T A T2 RET-FAEME RS, B

A(s,a) :=q(s,a) =V (s) = r+yV(s) = V(s).

i 4ok ) 2 E UG B B B BOR B
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A2C ¥ B ARR T 69q(s, a) B IR H R #KA(s, a), BT HAPRR AR TR E
WAL F YV, BT VA A2C 48 ) — AN R4 R4V (s; w) R L AUME & 28, d 2 2 3 Actor-
Critic & 49 Q Kk, Hreahtbedmst R, BLTHT L ATRARELNRA R
3t A HATET . A2C HBR R &R K HEKA

L,(8) = —E, [(r +yV (s, w™) = V(s; W)) logm(als; 9)].

TP AE B 25 69 A0 KB 2 A
Ly(w)=E, [(r +yV (s, w™) = V(s; W))Z].

L2 E—8 A2C AT BRR%, %5 XE5% % Actor-Critic 4 —%., &
PR REAEKE, REBHASH RN TR, SHEHK KT RITHLANER
FAst-FH AR R, SHAEIFARLE T HANRGHE T B AT, BRAE AT R R
BIERKAERKFTRE T ZAELRFOBE, RSB E ) TRIFN 4R .

(3) A3C

Asynchronous Advantage Actor-Critic #-#% (A3C) [8]4 A2C ¢y mk LN T F4THR
#H, 2EBEEXRRENRIRE L EZTROGRESEHE, oA RTHETR, T
A% M CPU L5£HE GPU ARy 8 R,

A3C 89 AH) & — A~ global network 5 % /> worker 4L5%, &/~ worker & B &5 —%
A2C W%, worker Z M ZA AT, A58 FWFERIKELE, £ 5%
% A5 EREMEGR R, A3C AB L FH LA XtiTey, e iEid, XA
worker R E PR B WERE, AR AFTWREBF A EIMEHAKEHE LESL
global network & & #7 5 A4, X ANMRAE 4 push. B T —KiZ4TZ AT global network
St AR w4 453X A worker 12 2 5 global network B %7, X ANEAE ™ 4K pull.

i 4ok ) 2 E UG B B B BOR B
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B 5: ACHITRMTER

Global Network

TY

Policy m(s)

Input (s)

( Jo. : jc ( j ' jc
w W 9w —J

Worker 1 Worker 2 Worker 3 Worker n
‘ Environment 1 ‘ Environment 2 ‘ Environment 3 Environment n

¥ 4& kR : https://aemah.github.io/2018/06/26/A3C/

(4) PPO

AT R A R ML T R KA AR R AT F AR

OpenAl /& 2017 4% & T 3 3% &AL 5 2k (Proximal policy optimization, PPO)[9].

5 9h 4% d 6 Actor-Critic $ % .35 A2C #5394 on-policy #9, PPO i@l id T &M R AF
(Importance sampling) ¥ H 444 off-policy #% = & &4 A 2 % o

PR & R RAE, S — AT ARAE G 5 0 3T 2 g o0 T 698 B 2 34T 450t

(x)]
q(x)

fo R T RME B O KA, B Apeqtd i £ B Rt K KA B8] THMLEE,

Exp [f(0)] = Ex-q [f( )

# 8 A2C ik R ok R B0
VJ(0) = E,,[A(s, a)Vlogr(als; 8],
5 R T SR R B kg, TR, B R M TR S A

n(als; 6)

Vj(0) = (s, ,)A(s, a)Vlogr(als; 0)|.

B VA SR & T 2564 B ARk 3%

i 500 2 E B #9 # B B 11 / 31
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SRR

m(als; 6)
n(als; 0")
% 5h PPO & &k #lmg By, 09 2 5+, XA RRILARAA XL, ATH £ B RS HK

A N KL #% & (Kullback-Leibler Divergence) £9%& (PPO1), /&4 A4 B ARd#K
P #ATIRA (PPO2). AAP 7 X a9k &3 T

J(6) = IE:1'1:9,

—— A )]

m(als; 8)
n(als; 8")

min(/i(s; )n((a||s 9)) A(s; w)cli ( ((a||s 9)) 1—5,1+£)),

LK (6) = —Eq,, [A(S; w) ————| + KL(mg || mg,),

LClip (9) = _IEHBI

£, Als;w) =r+yV(shw) = V(s;w)MmEHHE, clip(-,1—¢61+ )k T
TEMRFEL —eB51 + ez M,

AE R 25 B9 AR K R Fk A2C AR, BP
L,(w) = Ep,, [(r +yV(sh,wT) =V(s; W)) ]

PPO £ off-policy ik, 9 2k i@ % 4% 1 1H R w8 53R R 213 8| K 2 69%23(s,a,s',1),
PR )G 2% 56 o TR A B mini-batch +F 5 R w4 W 48 514 R & a9 0K B dk, AR %3t
TR Ao AR AR BARR 691 Ko £ R % R 35 7T LME A 3R B R K
FIE L, dod EIR,

(5) DDPG

AR R R AT AL RE AR W IR R A M R s A B B & (Deep deterministic
policy gradient, DDPG) [10]X 75 = Mk, BRIBRE BAE1F 2402 Hah1E 69 R
8, €T LAMEA DQN 2L FILT 695 fo

DDPG &2 AN M 2%, Bp R ok W &1 (s; 0)Fa i & W %q (s, a; w) A AT B 49 Bl AR M 2%
f(s;07) 4G (s, a; w™)o HAE M &G940 K B A= DQN L1404, Bp

Lyw) = E [(r +y4(s',2(s,0 ) w) — (s, 0))°].
75 Sb oy A R R A R
V)(8) = E[Vaq(s, @)Vpn(s; 6)].
I VAR B4 1) 25 69 350 K oy BT VA R AL
L,(8) = —Elq(s, m(s; 6); w)].

DDPG #£ off-policy H-ik, AT A0 5B XEFEZ5, ARELEE exploration i
AP LRk LT SRR B, BPE A R FNAE A A E ) AE m £ — A~ Ormnstein-
Uhlenbeck i3 42, XAMEAE £M0F DQN ¥ #9e-greedy K AF R % £RELYG L%
)5, iBiT mini-batch ikt HIFE R Ef R RE&OME LB AFZHFL, RS
A soft-update 7 & £ #7 B AR M 2 54k, BP AR R ATH B AR K 4 AR 5 ) B 3T
— AR, BT UR KRS FINAENE, TARLRHERIE, BRRFHE
A LT ®,

i 4ok ) 2 E UG B B B BOR B
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(6) TD3
Twin delayed DDPG (TD3) & & DDPG &9 & zk L it — 3 s it 45 2| 69 . A T 4% fi# DDPG
T s QAT AL L, TD3 1% Al 1046 R & BT e, T M %A a %
6 B AR %,
f)%0t, 5 DDPG —H A AB N R FHHIEERBEREA» R ENEERS
=), AR R 6% 50 6 A R AE mini-batch & & #1F4F F 2%
AN A B 25 09 30 kB R A A

2

Ly(w;) =E (7’ + Y}Llilgqj(s', a; Wj_) -qi(s,a; Wi)) l, i=12
2, a=70507)+e, e ~clip(W(0,0),—c,c)o X2t H HARI A2 2 A T L9
GRS, IFERS RIS ARZE, MEREREHT R, IALERLHT AL
— R AL Lk R R A E B %X
RS OEES- R EEOE - &)

L,(8) = —-E [irgir%qi(s, m(s; 9);Wi)].
ARRW P TZ)E, FEET soft-update 77 ik 237 B ARM %, FTH L3 2R 6
PR VAE S 3K,
40l B SE )G 69 5 9 RALEA 13 / 31
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2.3. TEIRRMFE]

PaarsgA 5] (RRL) A[12]F BAMRE, €& —X policy-based A4E52MF 2] H
o BFAREZAATIMAD S, AEMRBHATEE, BPARSRE R L% P 2
X —AFEZGFHEa =n(s;0), AFEZ—/NFAHBLEZT O B AR BT 2A
BT HAL[13]

VEIRFBAL 5] AR T value-based 8]3& 7 ik P& A T2 B, —F @ ALK
BARZ An R &, BT ARBFARR G RS, 5 —F @A T G REFsh1F a9k
HRELM . 7B RRL A8kb T H 4849 policy-based H %, HFEME L&k, EHE
RS R %, B RE B ARRFIRS Rk, FENHEEE TS, RBERT
B ERT R

do R EAME R[14]F 492 7 X, RRL 89 RE R ST 212 & 5 TR F4 M £12 8
Wk, BPsy =1, = f(Iy, [;_1), ZAZIFRAVT AR FEIRAP L2 B 25 69 5 A LA, Bp
¥ m £ 4z B fefa T % (Latent variable) W o HAI ZRABEE A F 2 Fh1Ea, =
(sy; ) RAF R B AF B F— K Ssp4q0 2ot it £ £ —A episode T &RJG, T HEA
& SUHF Y AR K B HL(0) FH T AT AR

A 6: RRL EHTEH

ae Qe

[ Policy network ] E Policy network J

‘TE it+1

[ I; Itsq
Information fusion Information fusion }—-

41

B RR: FRAGER

ZAEE RRL R GRS, 7885630 5 R % MEIS, AlH 2 RNN Rk
AN XAZESYATE L, B A A MLP i Nak& )5 0915 & CRE) #rd a1k
MR BB RS, —METHE-IHEZLGRBRT L FIPEANRM
AR ANBUIRA, F—ARHRER LA AT 2189158, AANEIRMT L
AT 26945 8, ZAEE SRR E 24 A RNN 47248, BARMR 45K %
R %A REE LRGN 5 RS ML EE, NIRRT L ATe
ZiEES E—F ey, EARMAE S RNN B3, ¥EHELeEERRT SR
Tk, AR ASF[12]0

S B A AR L TR K — 2 a9, — AR 0AE 81342 & non-Markovian iT4Z,
ARSI E LR ZA TR L AE 8, IHFRmIESARFL,

i 4ok ) 2 E UG B B B BOR B
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2.4, 5EAF ) AEZAITT LaG R R A

BFIEERETFTEAT ZGER, T2 HTHLKAL, HERH., T4ES
Xt o FFTUAN T @ o

AT &, [I5E ABIRIRALE D H R NGT —ABERIEL, SFETR
B 49 B AR 4, 4o P&L. utility. Sharperatio %, F /A4 EE TSR A, +&H
BASHE. [16]HEAKFINT — AN e0FE IR 5 HIEL,

kS @, [1714% B Q-learning & K% 3T = 5 LA 7 = Z A #7450, FAT
ARG A F AT, [1811E A A T LSTM 89 B3R 3845 5] T ik A i 5 H ok X HARAL
FA BT AR X T AR G R 548, [19]4£A T Double DQN H k523
T F#a%i,

£ sust P 7@, [20]5 A Q-learning /& Black-Scholes %A=L 5 % AARIL T #
BT AR R, [2118 AAEIRRALS 3] 6 7 AR R T —AMIT A s 286 34 b A9 4R
B, OZAERF BT T HEE (Market friction) @LIER B R A GHEHERK, R4
R 4%, [141&[21)09 mk Lt —F &k . [22]% &£ non-Markovian 7 %3R35
T 5 R M IRARAL S 5] BEATHT A S A b 33

i 4ok ) 2 E UG B B B BOR B
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3. BMA: TEFRZEALSE I MKETF AR
31 HF AR

BAMATHIRE (B ARXEH A B -F A Logsig-Alpha B -F 4 & B3 g R
PNz 5) PORFHATY R, RIERE SR EN1Z A A Logsig-Alpha 554
FARIAZEAL B T Logsig-Alpha £ — AR B AT 69 BT ARE, €T AHE
IO I R KAEARBENAR T Co N RMNESR: L —A log-signature ++ H AR 3k,
FEBAE G T A — AN IR, BT AR EERAARR T, A-ART
BRI, CR— MLP M), §EMRER-TEILAR G E B KR T 8 49
XM, HELHEBRBEORTHTRELEME, RZFRER. REUHAEZHK,
5 T#ME, #LATEMRE,

B 7: Logsig-Alpha B-F £ & B9 FH

AHRET D
BERT [:] D D ------

)

[ TIEREAL }
Log —%g{/%ature D D D ...... D
1 wew

[ Log-signature3HE#E 4k, ]

B RR: FRAGER

HarRmERHF T X, HBMMEAEFT 2 A 20 A~ 5 B4 Smin SRR EZF 7,

#4T lead-lag T#B AP EABME, BALR 10 154 8RBT N R 5 7 55404 38 2 69

log-signature 4¥4E% . Lead-lag T 4% A& T T AR E| 5 2775 A o9 L £
(Variation) 128, HT#H X4 T:

3t FRIEKBEAN + 189d %5 71X, & lead-lag T E A FAANKEZH2N + 169d 4
7| xlead faxlag .

lead { Xti ’ if j= 21
xlead — T
J Xey » if j=2i—-1

Xlag _ th. ) if j: 2i
tj X, if j=2i+1"

i 4ok ) 2 E UG B B B BOR B 16 / 31



@ RIDESRINBIRZAE

NORTHEAST SECURITIES CO.LTD. £ 8k AL 5T

BAKERP, LR HAF6 log-signature YEA4FIE, t+ 15t + 21680005 F a2
AT AR P A AR R Z B AR AARE . A 2018 SFTFAE £ 2024 S5 2 A He SRR
GRAARA BORFE AT 4 FORAE, A3 FHENSE, B 1 SFERIEE. A%
i, MG E T R RH, FH 8 QLS LT HRIEEHR —A batch i AR
ARAE S . F ML E F1FhE (Early stopping), BRARIEE oy R AF LK TR
A —4 B 4F b D 2%, Brakid s (Overfitting) o I ZR 04 3482 A Bl TR R 649 R ALAT T
WK, REERRTAHZANRA A, RALAGZEE (Robustness) o

KA B AR A AR IC B LG BFAR X 2K EF A, MK HHE LT
L(Xt! Yt) = _(pW(th Yt) - A " Mt "LZ);

EF, X =XE - XDAEnAME SRR T, Y, = (Y2, YDA B e iR %,

M A ARAT & BT oML RHIERE, VM ARGRT RS, k=6 4L RE T4

KPAITRIG, BBFRAARIC 649 B R IERLE R T KB, M4 T

D= 1WthYt (Zl 1W1Xt)(21 1W1Yt)

i (K8 = (S w0 Sy w (1 = (B w2

KRR E G AR ETAXE, A 02 1 2R FHTE—, AT
HARK ABI B KRG A TASBR L RO E, IPRAKLBFRLEmE F kKA.

p (Xt' Yt

& LR 7 KRN 4432 A AT Logsig-Alpha-ve 5T AR A4 & 2] 9045 B AN
#PF, et g MG 2 HR 20 AN S B A Smin AN BT, AL 5 3 HOR
REARF, BARURE—H QKR ENHATIREL, ZBHAT lead-lag T#H, BH
ARBMAETFFIOE 2138, AP TREA SIULERGENFENER L, ZH
& 325 ) 4443 2] A SR A T Logsig-Alpha-co 7 F, T VAR BHRANE 2 44 20 NS
A& Smin JEMNFF 5T EMNF P, FIAERARE — BIKENMAREL, REH
HEBAWIEE, XML A LT UMRI B AREF SN L, I
2] A 1A F Logsig-Alpha-oc. /G, T AR AR A R &M Fe kAR 537, 4
72 ] Logsig-Alpha-oc —#, # 2B E 69drta R £ & U Kk £ 6912 &, IH4F
#| A 38 B Logsig-Alpha-hl.

T & & Logsig-Alpha # 7| BT MK %, L PFRABTMAEANL A FH

% 1: Logsig-Alpha % 7| A B BT H:X &%

Rank IC ICIR ZLEMRE ZLEUEE ZIHFR ZFEARE SFEMESHT £ 2Sharpe Ratio BFEHRAEH
Logsig-Alpha-v i0.87% NI 17 | PITEE O D B31.01% W 9. 56% R 2 L 9. 76%

Logsig-Alpha—c 10.765 WB0.92 | W37+« Wloow W P20 2. | B 1. 86 s
Logsig-Alpha—oc 10. 22% 0.80] 7. 06% 7.41% 119 | a8 50% 13, 66% 1.35 I 19.03%
Logsig-Alpha-hl 10.07% 0.95 8.47% 8.82% | 1.42 I 20.58% | 11.04% 1.86 0. 4%

HAERR: AILIES, ricequant

i 500 2 E B #9 # B B 17 / 31
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B 8: Logsig-Alpha-v A BB ¥4 E= @£ R

B 9: Logsig-Alpha-v A & B ¥ Rank IC

. =i o= I
4 0.3
-6
5 0.2-
* L
T L LN A
] 0.0 ‘ = I L 1 I I ' -2
-0.1-
2018 2019 2020 2021 2022 2023 2024 -0
A 2018 2019 2020 2021 2022 2023 2024
#AERR: AHILIEAR, ricequant AR R : AILIEAR, ricequant
B 10: Logsig-Alpha-c ] A B-T4 E=M LR B 11: Logsig-Alpha-c A & B -F Rank IC
35 = MR il
3.0 0.3-
-6
2.5 0.2-
il “H i
1:6 0.0- I“l | || |
1.0 -0.1- E
0.5
-0.2=
2018 2019 2020 2021 2022 2023 2024 -0
)

2018 2019 2020 2021 2022 2023 2024

KRR : AIIEAR, ricequant

B 12: Logsig-Alpha-oc A B B4 ERA LR

$AER R : AILIE, ricequant

B 13: Logsig-Alpha-oc A & B -F Rank IC

2.5
2.0
o
1.5
1.0
0.5
2018 2019 2020 2021 2022 2023 2024
B

0.4~ mum Rank 10

— cum_IC

0.:3-

052=

il

M-MJil ]
|

-0.1=

=02~

2018 2019 2020 2021 2022 2023 2024

HAERR: AILIEF, ricequant

B 14: Logsig-Alpha-hl A BB -F 9 ERA LR

HAERR: AILIESR, ricequant

B 15: Logsig-Alpha-hl A & B-F Rank IC

20 =g =, 0.3- == an'ie -7
2.5 -0
0.2~
=5
2.0
b 0= -
by 4
- (IRH LIl -5
PO I i
1.0 | I -2
0.5 -0.1- -
2018 2019 2020 2021 2022 2023 2024 -0
R 2018 2019 2020 2021 2022 2023 2024
HAEKR: ARILIER, ricequant FAE R R AALIEA, ricequant
WL % E UG 4 7 9 B 18 / 31
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% 2: Logsig-Alpha-v A E B F 4% EMXLE X
Rank IC ICIR 2 I AR | 2 AR (R %?‘ﬁw&ﬁ £ LN E %?Sharpe Ratio
2018 10. 06% —26. 96% 3. 22% 7.81% 7.30%

2019 11.45% 1. 32 44. 58% 17. 13% 36. 77% 9. 48% 3. 88

2020 11.93% 0.92 33.91% 20. 16% 33. 64% 11. 50% 2.93

2021 6.47% 0.70 29. 30% 5. 22% 17. 58% 10. 28% 1.71

2022 11.95% 1.77 2.01% 11. 68% 39.21% 8. 59% 4. 56

2023 12.29% 1.30 16. 73% 9. 96% 23.87% 9. 36% 2.55

VLA 10.87% 1.17 12. 64% 12. 99% 31.01% 9.57% 3.24
KRR : AIIEAR, ricequant
#% 3: Logsig-Alpha-c A B BF 25 ERXLEX
Rank IC ICIR % J A3 | 2 LAE B | & S A b %éﬁ%&zﬂ%ﬁ zmharpe Ratio
2018 11.33% —24. 64% 5. 54% 28.90% 0. 52%

2019 8.80% 0. 72 31. 86% 4. 41% 16. 33% 11. 30% 1. 45

2020 9.45% 0.64 20. 28% 6. 53% 8. 97% 14. 69% 0.61

2021 11.15% 0.78 35. 73% 11. 65% 25. 55% 15. 55% 1. 64

2022 11.95% 1.29 —2.60% 7.07% 38. 38% 13. 00% 2.95

2023 9.94% 0.88 12. 34% 5.57% 18. 27% 11. 10% 1.65

JEAE 10.76% 0.94 8. 74% 9. 09% 24. 06% 12. 95% 1. 86
KRR : AIIEAR, ricequant

% 4: Logsig-Alpha-oc A & B9 K WX 2R

Rank IC ICIR £ AR 2 | & SLAEALEAT | ik %éﬁ%&zﬂ%ﬁ ??Sharpe Ratio
2018 10. 35% —27.52% 2. 66% 22.52% 1. 28%

2019 7.12% 0. 51 27. 73% 0. 28% 10.61% 12. 17% 0. 87

2020 8.35% 0.55 19. 58% 5. 83% 2.41% 15. 43% 0. 16

2021 10.89% 0.77 38. 50% 14. 42% 21. 75% 16. 96% 1.28

2022 10.27% 0.92 -8.17% 1. 50% 24.81% 13. 43% 1.85

2023 12.59% 0.95 18. 90% 12. 13% 24.12% 11. 73% 2. 06

VA 10.22% 0.80 7. 06% 7.41% 18. 50% 13.67% 1.35
HAERR: HRALIER, ricequant

% 5: Logsig-Alpha-hl /| B B-F 4 F £ M XL xR

Rank IC Icm % LA | 2 LA AR | 2 A AR | B LR R ??Share Ratio
2018 8.90% 1.5 —27.63% 2. 55% 22.93% 8. 77% 2.6

2019 9.15% O. 90 34. 52% 7.07% 18. 92% 9.41% 2. 01

2020 11.01% 0.91 25.31% 11. 56% 15. 87% 11.93% 1.33

2021 8.14% 0.66 32.73% 8. 65% 13.01% 12.97% 1. 00

2022 12.16% 1.20 —-0. 28% 9. 39% 34. 86% 11. 56% 3.02

2023 9.52% 0.76 9.17% 2. 40% 12. 44% 10. 58% 1.18

JECAEC 10.07% 0.95 8.47% 8. 82% 20. 58% 11. 05% 1. 86
KRR : AIIEAR, ricequant

Logsig-Alpha & s #9 A B B -F BRI ARG, 2024 F AR F S22 ks84s b4, B
At e A FRAeH —RAR, TaRMKETSHEL m*iﬁl%zlﬁ]éﬁ#aaério

i 500 2 E B #9 # B B 19 / 31
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% 6: Logsig-Alpha Z7|BAF 5% LEHMEA T+ XK

H P 2 5% Logsig-Alpha—c Logsig-Alpha-hl Logsig-Alpha-oc Logsig-Alpha-v ot B AS B H A

H M e 4% 0.19
Logsig—Alpha-c 0. 49 0. 59 0. 36
Logsig—Alpha-hl 0.49 0.35
Logsig-Alpha-oc 0.59 0.31

Logsig—Alpha-v 0. 36 0.35 0.31
ot A B [ P s FE 0.19

L SEBLIE P 0. 26 0.32

L SE IR B 0.43 0.27

RSN &) 0. 47 0. 41
UOIDR 0.24 0.32 0.22 0.35

LAk A A A £ 0.16 0.25

LA R AR E T 0.24 0.27

M FRR: AIIEAR, ricequant

% 7: Logsig-Alpha 23|BAF 5 LHMB-FHMAXH (GEER)

\ EER \ EEE \ CLS B A g5 R Bt A R LA N k(8 b
0.43 0.47

KRR : AIIEAR, ricequant

M ERTAEE, ALAE Logsig-Alpha 27| EF %, AT EWEFELL=A
A TMAGREFAXREEK, FOAETRIREMNGBETEETFLLEMGE T
xRS, £RZFIATEHF LSME T 40X LE P TARI, Logsig-Alpha-
v RARE X A2 E AR X H T, Logsig-Alpha-c fh@ ik &k 3048 X HF, Logsig-
Alpha-oc 1) B P B 4% B -F, Logsig-Alpha-hl 1 % € 5 33 W48 £ B -F AR R e A4
AR K E T

4ol 18] I UG B9 A RK A 20 / 31
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SRR

32, BARRE

Logsig-Alpha % 3| A -F& 74 49 alpha 13 &5 R 48R, 13 &b L2 BT &RT &
i FR—ANERWE M, AT R RAARZRLS D RRL AT Logsig-Alpha % 7| BT
BFATER, FEHGR SR T EBATA .

RXKREs, =1, = fU, )R B A F 12 850 L2 L09aks, XA a4 28T RNN
AT, XELAGH T WAEF R 20 B Rank IC, =L 10 H Rank IC A& &
W20 B PGS B ICIR, iX T I54R A2 F ¢ F T RAF I RATE, ) A A 53+ 5,
oK K KR# I, I,_ 4537 —F Rank IC 12 & 5% & Rank IC 12 & 4934, FHE L,
HTESGAREATHAAM, BFNBE20/NTH B . IHFGREE x@é}l%érm 5
¥ AEAR, BIMER T EAKRIT L, AR T HFRFTOERASHECH, M
L FAEMKAR FRERA#E T Rank IC 8905 T L5 AR LEH), XAastFI0# k%
it EE IR AR R TR ERLT ERL L AL G,

ey AN Ew, = (s DA TR TFHIREGE, L Pn(;0) R TREN %,
@ﬁﬁﬁmﬂﬁﬁAﬁ.%%ﬂnﬂwmmoT”*WH&*%&k&H@
20 /I\i% B Z 6 648 Z 4t 5o

AV FH, F—A> episode #4712 F, FKH 20 A5 A, RAFH—% trajectory
Qe —FKFE. F—FTHENETRETUARTEESERBTX = {Xt}t=1_...,7, #*
FX, = 3N wiXte REFESMRET A7)t R8G9 Rank IC 5 F)IC = {IC } =70

B AR #OEARFH KT SR BT 2% episode P o9&, H 2 L4 T

_ T N
1
J(0) =I1Cr + a—— (IC) N—ZZ(wt——)
H b, IC ARG —F A A E T 49 Rank IC, iX — 1 4& B AR 2 F 4F A terminal reward,

B 69 2R B4 B fE A0 Y l%%%o%ﬁé\ﬁkl%ﬁﬁ‘/\epmode + 44 ICIR,

£ B 4Ry HOP 1F 2 running reward, B 89 R B A B F 40122 1o T TV (wi - %)2

BEZRTRELLEFRZING £ F, £ B IRZEH T EH running penalty, B 82
EREFLTFEPEEART L, B —AMEE, £I]FHGER,

AT RRL 89 B F & RAAZTER4 T

i 4ok ) 2 E UG B B B BOR B
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B 16: X T RRL & E-F4RAER AL

1 Optimize
Objective function
( Factor evaluation J
_ .
Xl XZ XT ] sequence

l T [
{X{}iﬂ wy Wy Wr J Weights

Ty —’L RRL Agent }47

L I, I RankIC

AFERR: RIIER
# ¥, RRLAgent 4942 A 2544 T :

B 27: RRLAgent A -~ &H

Wy W3 Wy

‘ Policy network ’ ( Policy network ‘ ‘ Policy network ]

i I Ir

2
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