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S 6 385 | ) 45 R T UE 9 B R AE L. A AIA
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Z 5E TG NG BITER MG O 45 1 2y
) F T, SR JFH H S B () LA B o B S S A% L 48
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TR SR B9 G o0 K IE 012 W 25 J2 P BROR0IR
DRVFREE, 1E IR 4 08 25 5, (RUERIAY
PRI UESR 50080 A b — 3G 2538 1 2 U
TIE I BRI (A5 42 3 e B0 PR 00 R S et AR 2
B4 AR HE AL S SR AT B i) 25 %) I 9 1 (B B 3R A8 i),
ETREICICZ MGG A5, IR A—
AR AR IESE PR R 1R, Y UEE R R SRR F)
TSR N, BERLEGE R, SR, FE R G R
S ARG I AAH SR B ) 254 9 TE 48 AR SR 22 (B A IR 3
RO 55 Z 500 52 R, A e 5 A it 32 i
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0TI, DL B R Ak o B P 1 TR] B A /s Ak A 28 o
SR ), A5EHLOE 8 K 0 A 1 3 4 109 2 I T
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AR TESE UK SE IR L 40000 YiEa4s R
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COCO ¥ ¥4 (Lin et al., 2014)H 20 7K [ SR EHE LA
Ko 112 SRAR 5 SO IR & 1 N A R EHRAE
RELE R, HOREE 88 1 AWy s N B[R] K
TRSR MEAR R 5080 1 LD A LU, DA X
SERUG I B 2 20 G FIW i RGOl . e)a,
A5 3E X L s T TR, % RTify N TAER
AT 55 SR I B A W ) B R ST B R W 4%
Wong-Wang #% %! (Wong & Wang, 2006), i3 7E
L ARBEAL B ST 55 LA 8 43 AT 55 TR A, 45
WRER H R —A B A6 2k H R 2 204k
PR YL SRR A

IS5 R LW, RTify REAL 2 BLH £ Iy 4 3
AT B9 S A A, RS AR TR AE 55 (9 M
B FNAER P A AT IR R R T R B ) 25 A R
H RN P ] 25 0 SR ARRAE, MREE I NI B 7S
At B, R B ) 4 R ST A 28 s g A (] X
FFo ERJAMKIR R, SRG 5 BRI R 7
BIRWNEN 2 53 4555 T IR FE R, A B T
Bl % 3 A 06 5 ALY 4 A . AR
RTNet AY2icilf, RTify 55T 28905z J2 I T X 4 3
ey, R 5 A R 1 A 22 0% 2 72 A A0 ] 52 e ik AR
SRR T E AW MBI LT A% EAMs
HP TG N L ) R 2 A LA e = I i AR R R
(7] R
3.3 SN-DM: E-TF 42 FE iR KAEHL

RTNet 5 RTify i FHUREE i 28 45 B REAT 4K
Ab AT 2% I ORR AR, A XE DL B B e R Y
ML FREAE T, WEMAMNEIFREZET
B8 B R B2 2 ) 0 M A R A, Bk A
T MR ST A ISR 1 i 4 il (Moustafa et al.,
2015), WFFEH IR, T A W0 #4022 (Neural
Engineering Framework, NEF) /Y ik i #1 22 I} 4%
(Spiking Neural Network, SNN)&E ™ A= 5 4M| T5i Py
5 (LIP) 1 | It (superior colliculus) &% #1 4¢ ik X /55
JE— B Ll 2T SR (Lo et al., 2015; Shen
et al., 2023), X N RIS T I I 28 4 B B
%1%T§T§(Steinemann et al., 2024; Stine et al.,
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Jhk ek 28 P SR AL (spiking neural decision-making
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model, FEAWFSEPEIFRY SN-DM), B IERFH
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S EA,
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WA A, AP 2 g4 7 57 A0 PRIRE B A,
VIR S A BT P R AR R Ry o Dk b bt 22
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R VER A, o, A SCI0 I 0 e i 5 42
TR e 2% B AR G, TR ISR R AN (B A
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T8 2 JE b 20 2 AR A R AL B 50 32 3 A T A
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ZJE, TR TR X AR 2 W) A B SE 43 AT
KGRI T HE IR LA, 2 Lbph 28 TT i O 1) e R 1
ZRE R IUG 3 25 101 BRI, 1E ST AR (R
VA% B 25 0 A I () 448 5 o B B i (BN 05)iz 3
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Cognitive decision neural networks based on evidence
accumulation framework

CHEN Siyu, PAN Wanke, HU Chuan-Peng
(School of Psychology, Nanjing Normal University, Nanjing 210097, China)
(Adolescent Education and Intelligence Support Lab of Nanjing Normal University, Laboratory
of Philosophy and Social Sciences at Universities in Jiangsu Province, Nanjing 210097, China)

Abstract: Reaction time (RT) is a window into understanding human decision-making processes. The
Evidence Accumulation Model (EAM) is the dominant theory of computational framework for modeling RT.
However, EAMs, such as the Drift Diffusion Model (DDM), offer statistical descriptions of decision outcomes
but without detailed algorithms for stimulus encoding or neural mechanisms, thereby omitting the algorithmic
and hardware levels in David Marr’s three-level framework (computation, algorithm, and hardware). We
suggest that these limitations can be addressed by combining Artificial Neural Networks (ANNs) and evidence
accumulation model to simulate the entire decision-making process—from stimulus encoding to evidence
accumulation and decision output. These new models, termed Cognitive Decision Neural Networks, enable
comprehensive modeling of human decision-making on non-biological hardware (in silico), providing a novel
approach to understanding cognitive processes. Cognitive Decision Neural Networks have demonstrated
preliminary potential in multi-option decision-making, temporal stimulus processing, and neural activation
simulation. Such models provide a novel approach to simulating the full spectrum of human decision-making
processes. In the future, integration with digital twin brain models could extend their applicability to more
complex decision-making scenarios, thereby advancing a deeper understanding of human cognition.

Keywords: cognitive process, evidence accumulation models, computational modeling, artificial neural networks
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