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Abstract: Interactive optimization-based reinforcement learning (RL) effectively simulates doctors' continuous observation,
intervention, and feedback on patient status. However, existing medical decision-making RL architectures only use explicit,
independent patient status signals for policy learning, failing to model complex implicit associations among multiple
diagnostic and treatment decision preferences. This leads to individual patients being unable to utilize global knowledge,
unstable model behavior, and delayed feedback in clinical decisions. To solve this, this paper proposes a multi-decision
preference optimization method under the RL framework, named DP-DDQN (decision preferences based on double deep
Q-network). It uses inverse reinforcement learning to model implicit global decision preferences, updates patient status
representations with such preferences, and jointly takes explicit personalized treatment goals and implicit global decision
preferences as the reward function to guide policy learning. Experiments on sepsis antibiotic type and dose recommendation
show that the proposed model increases patient survival rate to 84.01%, and 17.45% improvement over the clinical, with

Fs HHA: 2025-10-03; f&EIHHR: 2025-12-15
HEWmB: ExHEAVIATRIE (2022YFC2504500) ;KT H AR AL &% BT H  (24JCYBJIC00890)
EBEN: FUHAL989— ), (PUK), WFEIZRA, RIEd%, 181, wangyuan23@tust.edu.cn



-2.

ARMELEE R

treatment plans highly consistent with clinical guidelines and reasonable drug dosage suggestions.

Key words: inverse reinforcement learning; decision preference; sepsis; antibiotic dosage recommendation
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Fig.5 Comparison of Q-value between four models
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Tab.3 Comparison of survival rates between clinical test set and models after training

H i 7 v Q%3]

SARSA DQN DP-DDQN

HAEH Y% 66.56 75.13

80.19 82.65 84.01
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Tab. 4 Setting of reward function corresponding to

ablation experimental model
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Fig. 6 Results of ablation experiment of comparison of WIS
and medication duration between different models and
clinical patients
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Fig. 7 Comparative analysis of drug similarity predicted by
clinical methods and models for similar patients
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Fig. 8 Histogram of the similarity of the model medication
sequence corresponding to clinical survival and death
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Fig. 9 Comparison of clinical patient dosages and
model-predicted dosages

M9 R BLEH, X RZHBUER, B
FHEF7 1) 77 B AR T I R B, R BB T 251 )
B LRI ™ 1, 585 1 B I 251 X
;. DP-DDQN A5 4 7 1) 771 2 22 B Il PR A3 FH 245470 71
B BT 5 R B A T I PR B ) k2
Feab R IE 7% (feimhy 6.829%) o 3l & 1 s>
IFARRALR 25 2%, 152 DP-DDQN HBiALAEfR
bR L PRI TR ROR AT T, B b a4
Z 2557 = A AT g1 . DP-DDQN AR 7Y 3 i o ki i
HAHREIE A, BE U N BR A E LA R
AT A7 R e 35 AR A IR T 46 R, BRI 45 HE R X i PR
FIEEARKIHESR . X —2 R NIRRT R HE 1 —Fb
TELERREHE R 7 7). R AN B TS i A L
DAL E 2GR, BEAT Bl TP 2444 KU
WOABRZGMIEINER] . $ETHAIT L4t 7l RE,
AR e PR = AL 11 10T TR SR A A B 255

4 2

AR H AR TT o F R S 5] ) A T
B 5 H ST RS 5 R EEAT SR 27 > 1)
HLgh /D AR Z AR D AR TT, 3R T —Fhl
SV VRIS Y SR N A LG s s P
e AE B A A B R AT B SRS A A o IZME
ES iBuRet iR A= Dl s DA e Y 27 N ) S
PR AR B H PR R 25 . B S R R



0100

W0 bl e SRR B, AL T DAAS BB AR () ik B
PrAERERE, KEFAEFEIN 66.56%5F A2 T
84.01%. TETIGE SR LIGIRELF B IL T, FRIKT
FRE I P2, LA IS 2 79 B AR ok P 79 o
/D 1%~7%, TECRIE B TS i R RT 3 R REAK T &
HZPE . RAKIGMEH 2 Em ), HEEE
FRHERAT 2 VAR, DR B B 22 & 1 hi ik
FAMEHEE

S MK

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

Schuler M, Bdikbas S, Darwiche K, et al. Personalized
treatment for patients with lung cancer[J]. Deutsches
Arzteblatt International, 2023, 120(17): 300.

Artigas A, Carlet J, Ferrer R, et al. 25th International
symposium on infections in the critically 11 patient[J].
Medical Sciences, 2020, 8(1): 13.

Kolar M. Bacterial infections, antimicrobial resistance and
antibiotic therapy[J]. Life Basel, 2022, 12(4): 468.

Shakya A K, Pillai G, Chakrabarty S. Reinforcement
learning algorithms: a brief survey[J]. Expert Systems with
Applications, 2023, 231: 120495.

Wang Yuan, Liu Angi, Yang Jucheng, et al. Clinical
knowledge-guided deep reinforcement learning for sepsis
Artificial

antibiotic  dosing

Intelligence in Medicine, 2024, 150: 102811.

recommendations[J].

Lin Tianlai, Zhang Xinjue, Gong Jianbing, et al. A dosing
strategy model of deep deterministic policy gradient
algorithm for sepsis patients[J]. BMC Medical Informatics
and Decision Making, 2023, 23(1): 81.

Innocenti F, Palmieri V, Pini R. Fluids, vasopressors, and
inotropes to restore heart-vessel coupling in sepsis:
treatment options and perspectives[J]. Anesthesia Research,
2024, 1(2): 128-145,

Zampieri F G, Bagshaw S M, Semler M W. Fluid therapy
for critically ill adults with sepsis: a review[J]. JAMA,
2023, 329(22): 1967-1980.

Barata C, Rotemberg V, Codella N C F, et al. A
reinforcement learning model for Al-based decision
support in skin cancer[J]. Nature Medicine, 2023, 29(8):
1941-1946.

[10] Fleischmann C, Scherag A, Adhikari N K J, et al.

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

ARBELEZ R

incidence and mortality of

Assessment of global
hospital-treated sepsis[J]. American Journal of Respiratory
and Critical Care Medicine, 2016, 193(3): 259-272.

Evans L, Rhodes A, Alhazzani W, et al. Surviving sepsis
campaign: international guidelines for management of
sepsis and septic shock 2021[J]. Critical Care Medicine,
2021, 49(11): 1063-1143.

Wu Xiaodan, Li Ruichang, He Zhen, et al. A value-based
deep reinforcement learning model with human expertise
in optimal treatment of sepsis[J]. NPJ Digital Medicine,
2023, 6(1): 15.

Choi Y, Oh S, Huh J W, et al. Deep reinforcement learning
extracts the optimal sepsis treatment policy from treatment
records[J]. Communications Medicine, 2024, 4(1): 245.
Adams S, Cody T, Beling P A. A survey of inverse
reinforcement learning[J]. Artificial Intelligence Review,
2022, 55(6): 4307-4346.

Wulfmeier M, Ondruska P, Posner 1. Maximum entropy
deep learning[EB/OL].
[2025-10-19]. https://doi.org/10.48550/arXiv.1507.04888.
Mnih V, Kavukcuoglu K, Silver D, et al. Human-level

inverse reinforcement

control through deep reinforcement learning[J]. Nature,
2015, 518(7540): 529-533.

Anschel O, Baram N, Shimkin N. Averaged-DQN:
variance reduction and stabilization for deep reinforcement
learning[C]//PMLR. Proceedings of the 34th International
Conference on Machine Learning. New York: PMLR, 2017:
176-185.

van Hasselt H, Guez A, Silver D. Deep reinforcement
learning with double Q-learning[J]. Proceedings of the
AAAI conference on artificial intelligence, 2016, 30(1):
2094-2100.

Ziebart B D, Maas A L, Bagnell J A, et al. Maximum
entropy inverse reinforcement learning[J]. Proceedings of
the AAAI conference on artificial intelligence, 2008, 8:
1433-1438.

Liang Dayang, Deng Huiyi, Liu Yunlong. The treatment of
sepsis: an episodic memory-assisted deep reinforcement
learning approach[J]. Applied Intelligence, 2023, 53(9):
11034-11044.

Boto-Garc & D. Good results come to those who weight: on
the importance of sampling weights in empirical research



2026 4F  F#R, . FETomiks o) M GRS A A B R ST D SR AR *11-

using survey data[J]. Current Issues in Tourism, 2024, learning assisted photothermal conversion efficiency

27(2): 268-287. prediction of anticancer photothermal agents[J]. Chemical
[22] Johnson A E W, Bulgarelli L, Shen Lu, et al. MIMIC-1V, a Engineering Science, 2023, 273: 118619.

freely accessible electronic health record dataset[J]. [25] Ehiro T. Descriptor generation from Morgan fingerprint

Scientific data, 2023, 10(1): 1. using persistent homology[J]. SAR and QSAR in
[23] Pollard T J, Johnson A E W, Raffa J D, et al. The elCU Environmental Research, 2024, 35(1): 31-51.

collaborative research database, a freely available [26] Pham T, Ghafoor M, Granana-Castillo S, et al. DeepARV:

multi-center database for critical care research[J]. ensemble deep learning to predict drug-drug interaction of

Scientific Data, 2018, 5(1): 1-13. clinical relevance with antiretroviral therapy[J]. NPJ
[24] Wu Siwei, Pan Zhenxin, Li Xiaojing, et al. Machine Systems Biology and Applications, 2024, 10(1): 48.

11



