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« AF4&Rk (Factor ConstrucUon)

« &t 4T (Optimal Execution)
« i (Market Making)

« HAAU XA (Option Hedging)
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Generating Synergistic Formulaic Alpha Collections via
Reinforcement Learning, KDD, 2023

* Motivation: =Y S K &1F FHFactor Model, FHA
TEEEF, FHRIZE fﬁ%&’ﬁ%ﬁf*j‘lﬁ'ﬁjﬂ/ﬁlﬁﬁ‘éo

* Problem: M\ E3EY %, 4 RkFormulaic Alpha
* Prior Work: {F IR ZE 7 AE X

Koy Issue: 1MIRRET R, 2 RET i




Generating Synergistic Formulaic Alpha Collections via
Reinforcement Learning, KDD, 2023

* Part 1: alpha generation

* AFRT WE=RIAR

Category Token Examples (A) (B) @
Operators CS—Log,CS—Add, TS—Mean, ... Sum(Add(5.Svolume) 2d) @ e
Features $open, $volume, ...
Constants +30,+10,+5,+2,+1,+0.5,+0.01 (©) ° @
Time Deltas 10d, 20d, 30d, 40d, 50d BEG| 5 |$voll Add| 2d |Sum|SEP
Sequence Indicator BEG(begin),SEP(end of expr)

* CS: Cross Section, TS: Time Series

c BERAFFRGRYRARIE




Generating Synergistic Formulaic Alpha Collections via
Reinforcement Learning, KDD, 2023

- State Space: E& 4 piAStokenFF], B s

L STMIZEUAFE
* Action Space: TJi%&Token, KHA—LHf [

1| EE N

IIj3g¢ 52 37X token . |
* Reward: 7o,y =Part 297 Z 1~ A 17h[=] o G -

FIER, 1. =0 t.,“::;::::i"u"-l- e @
 DTHBERWOET. =1 s

° 1§E - PPO{jt,f'k, [BEG] 0.1 [Svol] Sub | SEP =




Generating Synergistic Formulaic Alpha Collections via
Reinforcement Learning, KDD, 2023

* Part 2: Alpha Combination Model
* AT EZ N ETHGHIR
» Reward: 7 = G, (X1~ wif;)
* 0y (f) = E¢[corr(f(X),y)]
‘W = argminWMSE(Z{-‘zlwiﬁ(X) ,y)
* F,y EiTERI & I3—1k
s EA T & F=F\{fp},p = argmin;|w;]




Generating Synergistic Formulaic Alpha Collections via
Reinforcement Learning, KDD, 2023

* Experiments
* Res 1: A FEFULZEAIICSRank IC o

* baselines: ol L

oood{ /

+ MLP XGBoost LightGBM Cipa—
» PPO(single alpha) & £ & 5% ——top-k filter-IC 3= /. .°

* Res 22 NE R FHEH
* Res 3: —M1OPMREFIBIF, fiwy, IC
* Res 4: B Investment Simulation

— -
PO Dby > GF b
i O ey - GF oy
‘EE.\ | e | |o=0m
ﬁ / | 10 0 50 [LCUNS | n N ] 100
Pocd Size (csi300) Poal Size (csiSOM

M_,_" A ,.\“ B U NI O SR 1. g
. oy ‘\“‘ N'J\I‘ LA AL N2
\ / e AT S

e
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« H3 (option)

s RERIERIAN:. AN €, ZEHERETNHE
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HARU XS

* BSMFE Y
« YA E:
s MIgARM LT BRIz a0 « JKENERIEE

- TEE (EXHHA. BR) * TEMNE (THZEEEN)
FE—ANIISRABAT, BER A > (underlying asset)!
NPT =HK, FFHE:
* VAN — BFIAE] =0
* Example:
« SR LKL, EARZHFFHUBHANN SR
C HAFTHE, EAESERRAT OISR




HARU XS

iﬁ%ﬂ? FTERHFAGHIER T, Mg (F5%) AO,
B E?ﬁ_AE ﬁﬁ%%ﬁ%ﬂ%%ﬁ(ﬂﬂ@)o
‘_—Ll M EBSMIREMERIEET, HINEZ SRS RECTE M

s EXLFRIITHF, RIEHF El']l'i_l‘fvfﬂ—\ﬁ:/ﬁ/r E, FEFNA
SEHEITHRI SR, EWNF S EE, {iﬂﬁ’j%ﬁﬁlﬁl’] BT,
BAHEE[N - AN IR EKXK, FHERARES.

s T PIEHIZEAS B R GEMREL, BE U TXA:
- INETUHE, REFEFEX—R (RETEMLERIME)
- INB B —REME, TUPUAZRBEZRXZHIN, TN

BRI AR o IUEAS %
* LA B ARPET AR AR E]




Dynamic Replication And Hedging: A Reinforcement Learning
Approach, The Journal of Financial Data Science, 2019

e Action: 3Z S E MR E
* Space: § = (P,t,n), RINig. ZEARSE. HRIRSHFE
* RLE % SARSA, e-greedy
AT PIERE R (ZMEE. BYLHK. XFRE)
» BFRERE: max(E[wr] — - V[wr])
* Ri&cov(8wy,, wy,) = 0,8w,, # Swy,
. mmZ _o(E[—6w¢] +§W[5Wt])

e T iﬁ}ﬁ%. cost(n) = multiplier X Spread x (|n| + 0.01n?)




Dynamic Replication And Hedging: A Reinforcement Learning
Approach, The Journal of Financial Data Science, 2019

* Experiments:
* Res 1: total PnLfER} 8] Z-{LE (RL. baseline)

* Res 2: SLIG Htotal cost. JEBNME. total PnLAY >
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IMM: An Imitative Reinforcement Learning Approach with
Predictive Representation Learning for Automatic Market
Making, IJCAI, 2024

o {T:
» TR AR TT S E E R ERATEZHITE, Pk
ATIHIREREM, KBNS KRB R Z i tM=

* Motivation;
s HHEFEZESZEZMZPEY, EmZMisArRE

 ARITIREER RIS, IS TE S P
PO N BEFANIIVE, EXSFERERETESR

c THLIERT, RLENMESBIAXMEINFES




IMM: An Imitative Reinforcement Learning Approach with
Predictive Representation Learning for Automatic Market
Making, IJCAI, 2024

« RESZEM:

pref t — My =

* Sm LR, /\ﬁéXTW1\/%ﬁ’\HTTE¥ﬁpref BER T K
X ZBLOBAL I ZEMN R

ClSkt'l'bldt Eﬂgﬁ&

* State:

* St = (SZn»Si:g» p)

* S"HBHERE, S SE%QE, = (s, s")MBEE

e s =(qg7%,...,g7Yq% ...,q%),s" = (7K, ..., v L, vi, ..., vH)

qi = X, P PR AR A B R, v 0 B

Li



IMM: An Imitative Reinforcement Learning Approach with
Predictive Representation Learning for Automatic Market

Making, IJCAI, 2024

207 ! -
quotec I mic 1=0.5

* Action: | | ;
g 16] quoted spread = 4

* Ay = (m:15:1 bld ¢?Sk) ::: UB DU

Volu

Ord

vvvvv

.« PP Mm; —f THAMEAD M, GFEE bl boii,

* Reward:
* PnL: PnL; = (ZleAt ask laSk ZieBt Pfﬂd bld) + (Pr+1 — Pe)Ze+1
* IP: IP, = —n|z¢|[lz¢] > Const]¥:FH R =&
. C Ct — ,B(Z ask ask +ZlEB p; bid bld)R_J' bgg—é%[&(g};ﬂl

e . IEA: pl
B RN
e R=PnL+IP+C




IMM: An Imitative Reinforcement Learning Approach with
Predictive Representation Learning for Automatic Market
Making, IJCAI, 2024

* sSHLIghtGBMTII A fbiea &y, =7 A IS E )l
* TCSA: TCN+Attention, IAEH RIS

Lookback window 7 QRriU X \
| . )

shot

|
|
[.

Multi-Granularity Features

<

[0min Smin ilmin Snap

Market Variables —

Q

C St,at.rt,st+1)
' Frozen Agent

2JBUIIBIUO)) |

(dIN ] J
XS
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&

Account Variables




IMM: An Imitative Reinforcement Learning Approach with
Predictive Representation Learning for Automatic Market
Making, IJCAI, 2024

- R{EFE3
« ¥91& 7 — P Expert, H—d < z; < diT
. {askt=mt+a+b-zt+c-37t,ifzt <d
bidi) =m;—a+b-z;+c -y, if z; = —d
*a,bc, dMFTIRE, I € {(—LOLATMAELES
* RLE A TD3
» m = argmaxyE (s q)~p[q(s, ()| — AB(s ay~p,[((s) — @)?]




IMM: An Imitative Reinforcement Learning Approach with
Predictive Representation Learning for Automatic Market

Making, IJCAI, 2024

* Experiments:

* Benchmarks:
 FOIC, LIIC, LTHIC
* RLpg: BN EIKYE

* DRLos: ZMH8KFE, ZRE—BURTESMNBINRX S
* Metrics:
* PnL
I N 2t |2t]
o - Mz 151988 It — t
MAP: SFEJZEXS C AL MAP = ==

_ ask_~ask _ bid bid ____

e RPT: fg%q&ﬁ—ﬁ RPT = (ZlEApl nllc _ZLEBpl bnc% )/6m
Yieani” Yieg "

* PnL/MAP



IMM: An Imitative Reinforcement Learning Approach with
Predictive Representation Learning for Automatic Market
Making, IJCAI, 2024

* Dataset: E/8EATR3Z 5 FTRB,FU,CU,AG

* Res 1: 5benchmarktb i

* Res 2; JHRESILS, MIELOBIRZSsY. sS. TCSA. RL. IL
* Res 3: A~[@Rewardfy3LLE

e Res 4 #3917 i EE R adv_ratio%iF s® ZE Bt 52 Adverse
Selection T EIHYRIR, BITMIKXLOBEATI 1T B EE I UE
7 s BB AR IFPASIAIE T EAIR
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LT

s EMITRAMNITEN RS HIEXRER, —REHF
DA TINTRUCKINTT.
- T8
- M BEESXNFHUTHMARE, FEmzpdG
iRt 5 MeXEe B9
- BRITE: DUEEMSEITEELTR, FHEEFHHEMRERZS
APITHEE 5 Mg XBe A9t E
Bid Ask
Qty | Price | Price | Qty
60 | 89 | 9.0 | 300

20 | 8.8 | 9.1 | 180
LOB




LT

o [B)RREEAR
*XHTHMTE, SEGURIEA RN EEI RS
. f31: Almgren Chrlssﬂ‘Eﬁ”
* E[A] = Xt ve(Bhi= G(t tve) + Ni- %, G(t) = Gye™ @t
. Temporary Impact: RITHFITTREER
* Permanent Impact: = ﬂﬁZFE’]TfT*ﬁ
* X TPRUTE, FTERIULOBIEK
s ZIITRE, Mgk & a1 ﬁ RAE F
s B IIBUER ZE NI HXTLOBE A 20




LT

. BT
* PnL: EE{KIXER
* Implementation Shortfall: 5428~ B {74 L IR FH
* Sharpe Ratio

« BERE
* TWAP: 7ERY[8] LIS 1T
- VWAP: ERZE EHTIHTT FTEXNXZEHTMHIT
* SnL: HE—PEENEZE, sEAmNEEIPEL
« Almgren-Chriss: FE#I% & EY




MacMic: Executing Iceberg Orders via Hierarchical
Reinforcement Learning, IJCAI, 2024

* Motivation:

e 1: DUEMIRLTTE—R REEANIE T EhA93c 55, MRS AT
RS EAHET/ INNEZE—XEXTEH— P RKENZ S,

* 2. PUERIN T ER T MG AR/ NN TESET BT K

« 3 BEMHMITER AMWEMDP, 1&&# HHierarchical RL
773?%#/9%

-4mﬁ%kw\@%MW%%T EEFRIO TR EMME

KEll]‘ﬁ) ﬁ'to




MacMic: Executing Iceberg Orders via Hierarchical
Reinforcement Learning, IJCAI, 2024

* Part 1. 2-level MDP

* High Level:
e State: s; = (m;, p;), m;:[iAt — Lt, iAt|TIATRR, p; = (
 Action: q; € [0,m1n( TQ )] cER N3 5 Eb 5l
* Reward: 7; = X jeo, . () BIZTT B A/ IR BOAE SV WAPKI T34

* Low Level:
 state: s, = (me, ("2, 52, 2) ) by £ — B E TR

a; At
» Action: a; = |—n,,n,|,BEILOB/1&SERE
b l
* Reward: r; = a; (ptpp) PeSEFRAZ ZIN1ED: = ae

l

reml LAt

1=




MacMic: Executing Iceberg Orders via Hierarchical
Reinforcement Learning, IJCAI, 2024

* Part 2. SHMM(stacking hidden Markov model)

s FHZEZH Esequential VAEZRAI T IA EE8HE, LWL
R FAGRU+AttentioniZ4& . L{KELBO
s &IE(se, my, D EHE—EEALER

I SHMM [ErEe S R e e cmemes e,
i
1 N A 4 00

bz hi2 by, hL'

Aftention

Y (S S S S
X1 X2 X3 X XL-3

B T I T T L L T T T T T



MacMic: Executing Iceberg Orders via Hierarchical
Reinforcement Learning, IJCAI, 2024

* Part 3: policyillZk
« AY: Y FAttention+Linear
* High Level: TD3
« IRIFFES]: H1E—expert
* = argmax, (s q)-p| (5, 7(s))] — 250y~ [(m(s) — @)?]
* Low Level: Dueling Q-Network

« Il §3ﬁ|ﬂ§ %Tﬁl}ll “Low Level, BllZEFTWAPHIHIgh
Level, sE—ieCi/ll&k




MacMic: Executing Iceberg Orders via Hierarchical
Reinforcement Learning, IJCAI, 2024

* Experiments

* Metrics:
* Price Advantage(PA): 18X FVWAPHJexcess return

* Win Ratio: B813VWAPEI KX EH EE
. . . E(PA|PA>0)
Gain-Loss Ration: E(PA|PA<O)

* Averaged Final Inventory: SEH3F| 5 (£S5 AR5EMK)

* Benchmarks:
* Traditional: TWAP, VWAP, Almgren-Chriss
* RL-based: DDOQN, PPO, OPD, HALOP




MacMic: Executing Iceberg Orders via Hierarchical
Reinforcement Learning, IJCAI, 2024

* Res 1: Flbenchmark# CSI1100. NASDAQ1008IXJEL
* Res 2: JHRESLLS, MIZEHigh Level. Low Level. SHMM. IL

* Res 3: £l 7 A O] L3 R
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* TRADES, QUOTES AND PRICES-Financial Markets Under
the Microscope
* LOB Dynamics(Arrival, Clustering, Spread), Price Impact

* ALGORITHMIC AND HIGH-FREQUENCY TRADING
* Pairs Trading, Stochastic Optimal Control

o MF: BRI quant. Niu Hui. fiFi
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