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Abstract:
order execution. Since the mechanisms for incurring costs are unclear, being able to properly

For traders, it is important to minimize execution costs and achieve more efficient
account for them will lead to lower execution costs and higher revenues. In order to achieve
order execution with minimal costs, methods that model and infer market principles have been
used. In recent years, model-free offline reinforcement learning methods have widely been utilized.
However, the data on financial instruments contains a lot of noise, which makes learning hard
and makes it difficult to converge to the optimal trading method. In this paper, we propose an
optimal order execution method that improves performance by imposing constraints on the model.
Through experiments, we have found that by imposing appropriate constraints, we can improve
the performance of the optimal order execution method. We show that by setting appropriate

constraints, we can achieve improved order execution compared to conventional methods.
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DDQN 2.61 4.11  0.96
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BEINKE B ED TR0 T T, HRORFIZE-T
Tz b O¥EBIKRE LB SN ICHREDYE
ENiZ L RIS,

4 LIV

AL TIET—Y = ¥ hOEERICHIN R 2T
2Tk hMRER A EX B R BT FIE R IR R
L7z, F 5 2V KRE-E WS FEORBEEREEE
L— RFEEEDLIC, HiICARY MVIERLE R
Zrirb—rWwd 2O EMA - =
FMeEEt L7z, 2 LT, MEEERZBELT, 2O KD
RERIERITZ ISk o TIERDFEL ) dEX
N BT A RE R T — Y = >~ M SEB X B ATRE
Wndd 5 Z eI,

SENIEHTE 27 — 2RO S, 7RV ~v
DT —REROCTERET- 720, PUTa X b DE
ZEDIEMICHEZONS L5ICT 570128, S5
BRESRT 4y 7L \nWotz, X DRED/NIWTF—
ZEHWTERZED W, £, SEEE
DEMT — X DAHTULERDITE TRV, HE
DR 2 SRIFG T X - T RO ER» Eif
L, 26 ORRYIORH L ERFER 2RO Labt
LZZrEELT, EMFT—X0rD X > MEICHL,
YOXSRERENTZ NI AN EROND
IT—Yx Y bOEEIHRNTH 2D EMIEL TV
XNV EEZ TV,

iy, SEHOFERICBNTE, BEIRICGLEA
DN EFET 2%, PUTaX brxETMELLE L
TEBZToTOVAEIIERINTNS. ZDOLHR
WITaxroEgEr—iTthoTdET ML TRM
TETWVWBZ X, 1EROME L DES AT TN S
HETHZ. ZOFEEFRRT 272012, +oREGE
BT —Z0BH I3 A 774 Vb L b —
v bOFEEERETARY, HUTaX M EETIL
fELZRWV, EDEEICETA 7Y —RIG|l2—Y Y
t DEETEMET L7200,



EAf

ENGEAA RGNS 7 Sabe= i IR ON 7 Sa Wz d Wil Y 113
L OHRFAZEO—ERTH D, KNGEEZF IV — T DXE
PRI TITONE L. KARESR IV — 7 & D% <
DHXIXEEWIIEEE L. ZOHZED TEL
L L B 3.

BE Xk

1]

Fang, Y., et al.: Universal Trading for Order Ex-
ecution with Oracle Policy Distillation, In Pro-
ceedings of the AAAI Conference on Artificial In-
telligence, pp. 107-115 (2021)

Miyato, T., et al.: Spectral Normalization for
Generative Adversarial Networks., In Proceed-
ings of the International Conference on Learning
Representations, (2018)

Gogianu, F., et al.: Spectral Normalisation for
Deep Reinforcement Learning: An Optimisation
Perspective, In Proceedings of the 38th Inter-
national Conference on Machine Learning, pp.

3734-3744 (2021)

Haarnoja, T., et al.: Soft Actor-Critic: Off-
Policy Maximum Entropy Deep Reinforcement
Learning with a Stochastic Actor, In Proceedings
of the 35th International Conference on Machine
Learning, pp. 1861-1870 (2018)

59

SIG-FIN-028





