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Abstract  With the pervasive integration of big data and artificial intelligence technologies within
the educational sector, Educational Data Mining (EDM) has assumed a pivotal role in the archi-
tecture of next-generation intelligent tutoring systems. By rigorously mining and modeling learn-
er behavioral data, researchers aim to incorporate cognitive mechanisms to effectively track
knowledge mastery states and predict cognitive evolution trends throughout the complex learning
process. However, the majority of contemporary approaches rely heavily on data-driven neural
networks. While these models demonstrate robust predictive capabilities, they frequently suffer
from inherent limitations, including a “black-box” nature that lacks interpretability, high sensi-
tivity to sparse or noisy educational data, and constrained generalization across diverse learning
contexts. In contrast, knowledge-driven paradigms—exemplified by Physics-Informed Neural
Networks (PINNs)—have exhibited superior generalization and explanatory power by embedding
physical laws into deep learning architectures, suggesting a promising new direction for EDM.
Drawing inspiration from this paradigm. this paper proposes PsyINN (Psychology-Informed Neu-
ral Network), a novel framework that synergistically integrates educational psychology knowl-
edge with behavior-driven modeling. Addressing the unique challenges of cognitive psychology—
specifically the issues of unobservable latent parameters and inconsistent theoretical formula-
tions—PsyINN introduces symbolic regression to represent and evolve structural priors. These
priors function as “soft constraints” within the loss function, guiding the neural network to learn
internal representations that are mathematically aligned with established psychological theories.
Furthermore, the framework achieves a collaborative optimization between theoretical constructs
and neural computations via a dynamic alignment strategy. Methodologically, PsyINN adopts a
comprehensive “two-stage modeling strategy”. In the first stage, theoretical educational psychol-
ogy models governing memory and practice are parameterized. These parameterized models are
then utilized as initialization equations for symbolic regression. In the second stage, utilizing his-
torical learning data, the symbolic regression module and the neural network undergo joint opti-
mization. This is facilitated by a sophisticated knowledge alignment function that supports bidi-
rectional knowledge distillation, ensuring that the data-driven and theory-driven components mu-
tually enhance one another. To accommodate the fluctuating capabilities of different models dur-
ing training, PsyINN incorporates a dynamic knowledge alignment mechanism. This mechanism
adaptively adjusts the intensity of knowledge distillation based on the model’s real-time predictive
performance, thereby maximizing collaborative efficiency and preventing negative transfer. The
framework was extensively validated across three representative learning scenarios: mathematical
problem solving, foreign language vocabulary memorization, and general cognitive skill acquisi-
tion. Experimental results indicate that PsyINN functions as a highly flexible plug-in module that
significantly bolsters the predictive precision of mainstream neural network models. Specifically,
the integration of PsyINN yielded an average improvement of 2.14% in AUC, 9.00% in G-
Means, and 2.22% in Precision. Beyond quantitative metrics, PsyINN demonstrates the unique
ability to evolve classical theoretical equations into refined forms that are better suited to specific
empirical learning scenarios, offering profound structural interpretability and theoretical consis-
tency. In conclusion, this research provides a scalable and robust pathway for the mechanism-ori-
ented modeling of complex learning behaviors. It promotes a fundamental paradigm shift in edu-

cational modeling, moving from opaque “black-box prediction” toward a transparent fusion of
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“structural expression and mechanism interpretation”. Ultimately, this work offers a generaliz-

able modeling framework and methodological support for the broader vision of “Al for Social Sci-

ences and Humanities”, successfully bridging the divide between data-driven intelligence and

mechanistic reasoning.
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R VA5 B R0 Rk 5 07
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5 M5 (Symbolic Regression, SR){E —F#
SAL ] i R kL K T OB P A B &
BUAEAT 3k =0, U 7 vk R 2 MO 5t 4% G B2 (Ge-
netic Programming, GP) .l Koza ** #2& 4 19 i fLAE
28 PL K Schmidt 5 Lipson W3 T ¥ B X5
EYE a7 S i PN OV E Lo S R R
G5 7 R T D B AT 5 W B A 2] I 7 RIS AT S R A
ARG AT RO W 45 A I R R K
TAETESR 22 W) B R S8 0 8 X S e 3 T i 1 %
HE AR MR T AT S MRS PR R g R T
MRl L SR ITIRE R A ) RS A A
RS HSCHE 0 g 2 A AAE 2% 18 1 B TR A R ME LA
HHEN T HZABH T hEE.
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A He, Al g e HoAE B2 2 B0t T PEREAS 2 Ay [
PR A ST T 5 i 28 X 2% 245 5 04 U 3 ] L o
1k SR AR HE 7 fif B 45 44 L 3 B8 AE 3 285 28 TR AE 42
T 5 2 2 A AR T
2.5 FREIE

1R 28 18 (Knowledge Distillation, KD) % #%
2 LA E AR B ] 2 A K 280 DA 3 1) R LT 8 4
SRR TTTEAS 1 35 1R Mk BE A9 17 42 T B AR A
WA B FHZ AR 1YL IR, KD R B R
A R WE SRS SRR AE SRR BTz KR,
A2 2015 AR IR Clogits HFAE  TEE J7 VIR
SR EIR T Rk .

SR AE 208 B 1248 37 5o A% G B ) “ 00—
FAETHY KD A RESZ IR . — 24K R 5 BT B
AR AN Re s 2 B 1) 455 =Xk LU 3R 2 R R iy B
o M A SCHR Y — B S A MR ZE R ALH AT
[ U1 55 ot 2 0 % A 1 it et rh AR A0 1P B B 25 DD 4 2L
D=2 2 € T OB I) R 28 1 MR AS B, 7EIZ L
il A5 LU A 45 4 S 56 5 P 28 0 2% 1 SR AE RE
RE BAN I [ 35 WA s P25 G B R S A AL, R
A2 IR fife R P — 00 1 B [ 42 T

3 F &
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HOE B A28 B A B 2 ) F MRS 1 Ak
HHAEERARALE . SR IR 5 v Sl 4
AR 2 g8 — pR R IR A O LA B i AR 22
2 R AR SO B B RO L S 2 ) Ul L 1B
— PP EERL A 2 O 3 2R S 5 22 S0 AT R B RUIK B
(AR AE SR, 3ok S R ok R T 22 A 52 B g BRI v
RN Rk = I o = 32 e I 1 R D o VAN 3
AE ) 1 2 LAY 22 AT 55 P i o R PR R AT H B
WNC A R 25 2] CnEl 2 Bros ) DUIMGR B kg
1 s T 20 R N PUIR S . B 3 oy B 2 2] B EAS
(7] B[] 149 28 RIS 50 5 T A 4 s G TR 2 1 3 Ak

5 N ERALE] AR O RSO AR R T &
FERE F I T 045 f) D st 52 R A O B
AR A B TR R AT TR A KR
ORITRNIE 8 R0 POBR 25 5 I o 0 St 990 00 JHE 78 K ok 7
A H R A R B
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B e

\
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A RERE2
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T
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RU=uy suy s, S ITAA B E RN BE BE 1Y 5
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i FAHD= (D, D, .. D, b b4
M RATAD, EXE .

D, ={(q1sy1:t1):(qosysaty) s s(qusVmsln))
(D

Hrb D, R w 57 2] H B8R h— &R =

TG, o3 R g FREE y A A

St FH R HE Gy ) A 2 3
AR w AERFTE] ¢, B P38 52 ] A7 D R AL 3X SRR AR
e BT A S i AT il ¢ R SR B SR A9, i Sy
g 8 A>T ARG, HoE LR IEmE 3, M
Ry FORIT w AERTE £, XHEH g B R
ARSI AR MR S 3 = (.

D O e

"R T T TR
HFIE e 4 tz iy Iy s ts
B O — Y 3 AR ] 2] x
BB b — o 33 e (] ) X3
PRUCES ] (yn (o] 1) S

Atyz Afgy Atgy

Atgz Atgy  Atgs

CRBR#IEIR ) X3 - Aty Al Alyg Ay Al
S A ] U e 0 0 0 1 1 2
R o IE W B x5 o 0 0 1 1] 0
HIR SR X 3 4 5 4 3 3
iRAERS x; 1 3 2 3 1 1
HPailasdes x5 1 2 3 2 1 1

K3 Bk e X

3.2 PsyINN #EZE
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0 TS A O B B 2 R TR el 8 T 2 R e
A LR B CIn BT 4 Fv 75 ) o A A 0 7 295 4 35 5K
5z ALRE 107 B AT BAME . FIEBIEATEIIZGA
[vi) [ B 1) A BE ) A7 7E 28 S o AR SCaE— 2B 5L T 3l
AU RIHILTR o Al A5 780 45 4y R KR 4G 357 i D RE 8

Step | Fln4LBL 6 T4

e
Al+b-)™

e-rs

v
2

l-a-(n+1)"*

p )
1+ b-1)™" - & -log(1 + eovrect)
+k. -log(l + seen)

AT MRFE
e[ceo0000

B

3
B3

: nj'_r"", iel,;
o . tely

(v—x)%e®

ahsmn k. L
Rk L, = ZZ[-‘-‘- log #7% = (1= 3™ Ylog(l - % ;] o
AR L, = =

A% L, | = B(1- p,VBCE(i%.»™ )+

WAl . TRIE S 22 W 25 2001 T A RMUBEA T Dy 2 v i
oy o] A AR i 7 TR L LSS B RG BE B9 AT o B
T 5 004 1] DS AR e U L2 2 i ) 2 o) LA Oy R Ry
il s ICKICHE A2 40 Hh B AT 5 2 2] L A B R AT
2o R PR R 2R B 2 M 45 b o AR SORE i 22

6 24 15 0 2 ] O 1 T 6 L 6 BN 5 ke A o

Step 2 JUAEHR A4k

AT N

o i P et
ora = & gt (1-a) JL‘_(' : .i+:..£f{ece-'.:r‘; !

>5[ oxin - (- 33loat1 -]

Z{m. +£)

&l 4 PsyINN HEZE 5]

3.2.1 PR RZE KLt

il 25 1) 46 A5 B 47 B AR 4 L B A AT O A o
HEBA AR PURZS B I P8 1k . AR SO AN X i 22 1)
26 1 HARZE AL BORR A & AT AR AT 25 I 8] e 41 A5
L, 4 LSTMM | Transformer™” . Mamba '®? , uf J
flbs A %E SCBCTTH I I 48 2544

i 22 ) 25 A 5 LA S A )
PRAETT — I 2002 > R

S = Fan a0 (2)
e W 4538 1 B o) A% B/ EAT U 2k, B AL AL
S5HESEWA Z A Ui, AR A TR .

1 “/ Au/
— >0 [y "logiwk +

xR AR A

(1— 3" log(1 )]

3.2.2 FF5 WKk
55 Bl H A B (Symbolic Regression, SR) 1Y #
O FAR R AT fif B A 2 Rk B 7E 2% 2T L
il o A SCR Y S — 28 SRR 1 3R 3K W) Ak B AF
5 I DA A, G T i R i R R T st AT L Y kAL 4
E RS BURAR L IR TS I PRV i f A 1B e O
SEAELE e T AU . 2 HE S o b AR A
SR AR IR B ARG R A R 3 0 RE PEAG L

3

AR S 5 A8 AR O B o B R R O
il S A AT 5 I 53 . SR BE B i B 5X
LU

&:}é :f‘SR(xuli v(D"L') (4)

iP5 Fm B L 0 BRI, foe C+ ) JR AN
HOE O B2 TS 7 B o AL B 0 R L R A
BRI A R R T R SR T A
0 TAE T oA I 032 B o 2 M A2
HM
SR B 1 130 B 1 38 2ok 01 3 7 1 R A AT
WAl
L. :ﬁz > Gy !

wEU i=1

2% PR RO T M o T 4 R 5 AR X I R B0 9 U A
JEE o AT Aff 8 2 18RS 7 i E 8 I 5 Al R A
3.2.3 RUELHMF AL

O S5 BB AR AR R K B B ) B TR L R
PsyINN HE 42 15 744 i — A~ ) I H 4 45 09 AT A ¢ 1
HREZAAR T FELAER R, 755 115 (SR)
A B A8 R AT 5 ek TEAE A7 7 A 1T A
T BN I AN TR E B4 1] AL, TR e A e 280 LR It R4
(900 4 AL Atk LS| 234G TT 1) . [ SRS A 42 )

(5
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25 (NNDFE I G i 72 rp 1A 20 57 /9 08 12 BIL ) A2 5
23 0]« i T 2 AR AL R L 5 2 WO B2
[ £ 48 o T 3% 7 B 5 s R e Sk B B A A B R 2
5o XRRELE BE J7 A AN 0 B T RE 5 B R B BL Y
PIRTRIRCART F 2 7 A IG A 25 8 2R A0 ) TR B
BRI B R Sz e rERE . N LR s .
AT A EEBETE AR AL DL AR S DA I G ad B op i A5
SR SRR 5 53 T IE .

WAL 4 s AR SO A 1 BURE By [R] R AR AL L OF
K Fgh 00 72 K 20 o P A B B BT R 4L 1Y
P12 B S B A X JR AR . SR — B Beh L 5IA
HH OB A SR 7 B AR SR BB 194 46
ik A A A R4 e — B R IR LAY, I 7
YN ZR390 303 388 3t /N LR A A U0 ol S il R G5
J1. BEB B SR AR D O ) W AR AR AT i AR U
S NN B AL 3 775 J0H L 51 S AR AR 7 ), 5
T BrBb L SR HE A SR 5 NN IR B P (7] 3 AL i
e RIS 2500w HR 22 08 B Be . 1% B B 993 2 Hl
il 2 B - O 2l 25 FRZR AR L R P B AR A ] B B
FO PR RE 2 B, 1 i VL 1) B 2 18 7 rh 5 e R S B
T A @S S5 AL @ Sh AR Rl & A IR
BhRZ LGS SR Wi NN 131 Rk GE )1, & 4
450 HAZ AR o g Bk — 25 1 9 T A2 HOR 541G
—BohE g B 51 A T 328 IR ms, fff SR
55 NN 7B 58 5T 48 M Xt 7 9 e i i R AT
HOR 5 L DT A T XU b [R] 2503 L (2 it 2 4 5 3R
K JZ B X1 X 5%

(1) Wi 7 A4l 0] 48 4k

X SR BELE 2 5y bE A il BEE A 2 5 A AR
(14 [ R0, JF: i) 1 A MACSICRY) NIN 2 3t L0 ] i g 11 75
TR A B AU O 3% = A Oy B AR S o
56 I W R s 2 AR wEAL 0 i 8 IR V2R AT
o geHETr AR A5 45 [0l (SR) BB SE 5
1630 K L ZE A R B0 B R A MR L O B AR 4
AT W B 515 9 DL 2R AR 2Lk A
BERL (AR R0 3 1 58 2 IRBUBE L& . %)
RUIIZREE K (Epoch 0) H . R GERE M 58 231 2R K dls
B AL AT I — /N o0 b FE AR AR L X ok 28 B e 5 AR AT
2BV, & RS R i 0 o E T R A5 B £ L At 3R 0K g
() SRBERL, F5 250 I Y, X 28057 FE R AR AR A A
AR T R 3 o 2 2 A A AR R AR I Rl R AN
WA | 20 25 R R LI O KA R T Y 2 2D AT O L
o B B L H AR R« AR OR R B — BObE 9 i
$2 N O SR ER AR B R 4 09 25 F R AT, JF 9 NN

PEHUERF 5 0 TR B 5 2808 TR, DA T S B0 45 A 4T 46 1k
RE A S U A e R ) = R .

(2) BB AR AR

FZfR SR 5 NN Bl 5 MR8 —35 5
B BEE 35 S AR 6 Sl 114 XoF 5 M A, A B B 1t 3
AARZER S S AR & w4 S R HE S 7 Y B iE
NFRE . ARSI TE T — 3l A AR X 55 (Dynamic
Knowledge Alignment) HLii , 55 BLAE I 252k 72 b 4%
S (SR S5 M2 W 4 (NND Z 8] R BE &2 H. . %
BLHIAL S Bh A AR ZE R 5 sh AR 2 il & P A~ 5647
e [ S L) FL 38 N Y AR . AL
JEARTE T B I 2R3 SR AT NN B # B fE 1 R
Wi AE 1, L HOm 247 1 bk kA sh S Ak,
DA 5 BT — A BB I I P AR T S AU AR 58 B
it 7,

O HINZEM . AR SCBETT T 3h A5 1 2848
P e Z B0, FH T AEAS R B B i o 26 18 5 B L i 7% NIN
RETE A2 2 B Be A ROk B SR 51 5. Bk
i 7 » M Epoch 1 #,SR 5 NN FF 4 #k A W3[5 i1k
BrEt. &Y%k batch i AT 51 5638 i NN A

TARAS TN 5oy« [ H SR KB 0 24 17 4% 4

B R 5rar o DI ZR3ed o oo TR0 958 2 5 5
B 28 100 2% 8L B 1 Ly M NN B L5 SR
S 14 2 10 5 B A T R ST L, D S A
0358 B L O (0 4 S L MR
TS F ] b R B v LA S B O i
VR LR 3 0 L AR ST A U
NN 4 He 5 SR R He 2 ] fb 46 U 2k L 30 2 4
PR R

Lyp =

N
DI 0m e e logyak — (1 —9gi Dlog(1 —5 )]
u i=1

N
D n, +e)
i=1

(6)
Horp BT m, B9 LUNTE .
m, — 1, if 3 <1—09 or ¥y« >I9,§:O.55
0, otherwise
7

FBRARR Ly XN

L =B(1— p)"BCEGik -y ) (8
o, B SR IEAREAR -5 5 15 p, T A0 ME R, &1 X
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e 2 T I 5 b 22 I 245 1) S 400 2R R BUE
Lykxa=a Ly +A—a) e Lygp+Lew (D
H T BT PRSP RE T IR S 2R AL E

FB o MR BCE REOTR T W

L e

o L% L3 4300 NN BCHURT SR A5 3 iy

SE AR o AL AR R RE 5 AR 2 R 22

KRS MBS A HOR RIS A A

A
QB E. AT HTF SR BZRET,

ARSCH I T AT NN fi 5 BRI B hR 4

FEBTE 1 R I 2558 R F 3 N R Dl A A L Y AL

il . ARV R 3 LA B S bR 2 O 3 RAIE R 8 R E

P s Y2k e 0 A0 3 T NN J 0 &% SR 76 TR A b 25

MIRCEE , 5] F SR Z Wl NN Yz b4 ik g

BT AF 5 10 U3 [a) A D28 0 2% v i A7 sl 28

2 B epoch 85 )5 . SR F FH NN % H 45 2 %t 5

FEHEAT HOFLG IR 48 B SR 4 5 WO A IR &

Fy 3 H AR &, 220 v A 15 2 3 Bz AL BE 1 AT R

TR, B 2 ARHE YA W G I il 8 1 285 T ) £

FrRAEEIR G AR iy o5 LU 2 AN B 2 v L 1R B bR 2

AT L

(10)

QD)

) :maX(pmin \00 * (1 _ ep;ch) )

| Zorl~p s Ns|Tywl~0—p)« N (12)

Jyla i € Lor

5wy i € T
Hrp,o BINHIEWRE S, Tor FmBEELBRET
ST RAMEIA TN T,y FR
B TE IR SRR .

R W B B3 i) i e 0 A R M LR M S
Srad BN S5 Bl N AL AR B[R], S [R] E B B i —
s SR Bl 1 i TR £k P 3R

Yo (13)

4 T I§
4.1 HEBEE5XLEAE
4.1.1 Bl

B AIE A 4R A PsyINN HE 28 76 A [ 2 10
55 PRI RE ) AR SCHE = A B R M L5
B LIF R Tz S0, W 5 1) 1242 (MaiMemo)

FIHIB R (EdNet) LA H BE > 15 (Lumosity) = 2 4E 55,
R 1R, =B R 4 0 R G 7 £ B AL 1E
B 43 35 BRH P REAS AL 10000 44 EdNet H /.
100000 44 MaiMemo H J* #1 1000 44 Lumosity H
FU A8 H S Y T 0 9 A T DU b A AN (] £
PR M s TR AR B, A SO LT AR A .
TRV AP EREAN B L5 5RO 5
B o R R A Rl SR A P - B MR A A H
HEE FAAT N ENEE, AR S — R
e AL K 15 B SNREA IR T
55 BsF Ta] (B B L 25 >0 Ak Dy s R B LR H R B AETE N
()9 HEFRAE ) i, e AR 7 ¢ 1 2 2 [ Ee B R A I
SRAE VKRR 5 AR B IR SR Y AT LR S — Sk,

1 HBEEEAER
B4 EdNet MaiMemo Lumosity
Jishak i 10000 100000 1000
[RER S 1495 1297 768
2 HIREL 1. 05X 10" 2.58%10" 2.13x10"
R ES 0.6619 0. 5385 0.4976
WA 1.27 1.18 31. 61

4.1.2 XFHerik

T B E AR SCHR O R I A R K AR S
FE 0 1Y PsyINN AE 22 3 FH T LLR 75 A 566 off A5 A 3F
TTXT

(1) DKT (Deep Knowledge Tracing)"™" : iX &
AW AE BR #2845 (RNIND 5] A AT GE B34 45 7Y
RRAY BB A% 3 o AR 2 A 1) 28 R ) ok ) G oA o
(25 LR B

(2) DKT-F' i Exf i b DKT BER A b
JNAT “ S HLE " AR = P R B T e ) . 1
FHIA T = 5 R AH OC B 45 AE R 1 5 A5 7 3 Bt
52 1B P 90 ] B LA B a1 2 B

(3) FIFAKT™ . i 8 1803 3 v 78 S AL 30 &
A S I S LD R T T T SR LS A G Y
A AR T 4 v M el S R 2 A R B Y
DA 4 T T500ORG B

(4) SimpleK T iZ A5 B 38 if 1 X HAE H 2
G 25 S IE O F AR B B AL A O R
BE R S AT A5 B RE 6% T B b S i 2 AR
(42 2 sh 25 5 LIRS E AL .

(5) QIKTH™ . % A5 Y 45 A 10 F 45008 0 I 0 4
R E B IE (IRT) , 8 55 T 4% X6} 27 A= 038
RS R BLRE F7 L 9 08 8 H R X2 2T SRR R S
AT 48 A5 78 1 it T
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(6) MIKT™* . B Y ] Bif 3 B 2 A A0 451 38 0
PUIR 25 CHLAE B 5 HE & 0 DR S (ks B L IR Rl &
Rasch B A1 5 IRT BB, 528 2 2 W 1R B A
PET& T AR B F5I P BE 5 AT R .

4.2 LHEHT FITEEIEER

T IR R AR R, AR SOl R T 80 %6 1 2 A
oS0 BCHE ST U 25 . o4y 20 % B T 1Al . i A5 465 A
¥R M Adam AL HEAT 08 Ak, IF 260 25 72 v 5
A FAE SR LA (kL LA . T A SE 56 245 35 S AE A
A5 B F S8 47 5 WG TS H8 bR A 1A .

AR SO FH B SR BER & PySR T A" ,PySR #
Fr P A 2 ORI ER AR AR DLtk — 25 AT 7 AR B AL
AIAFHAWETFER o€+, —
In} o DURRIE 3K BE F7 1 ) s 46 435 7T e Bk % 8 1
AL T 2 UHE O FAE DL 7 R b ) SR
T EACRECORE R 50, BREMR A 40 S FIEE,
FRE R A 40, B ZEARAE IR AT 100 . FikX
e RERBERR e Ry 3, e KB A% Sy 25, Lk G R S itk
BRI A A

AR LT PyTorch S280, HE7E#E 2 NVIDIA
GeForce GTX 4090 GPU B Linux iR 55 28 2 7 I 3t
s, ARSCRA AUCROC £ T mAD 48 41
S5 00 BIE TG W 4 Ry R 48 A RE B B R b A
BRI 327 A6 FLHE JF BE 17 5 Precision OF 8 ) ok PE A
AR A T 45 5 v I 20 10 o L TR e e
FE S BRI A B0 BE f . [ 5] A G-Means fE
A D FEAE B, FH T AR R R bR A A A S B BT

a><a+9pOW9€Xp9

4 B 1Az A RE 7 o T G O T 0 A B AR ROR
IR AR TSI L IR R

. ! TP FP
AUC :Jo mrmilprm) a9
Precision — True Positives
True Positives + False Positives
(15)
G-Means = ./Precision, X Precision,  (16)

4.3 IFLbxI

Sy 4 G B T B PsyINN HE 2R 76 £ - 2t
BLAT: 55 (03 1 M 5 A R AR SCHE = A FLAC R
AR LIV T RS I 0y A s AR AL A
EdNet.MaiMemo #1 Lumosity., 4~ 3 PsyINN #E
Wy 5 4 1 & DKT, DKT-Forget, FIFAKT, Simple-
KT.QIKT 5 MIKT 375 F 32 3 e v A o, %k L 52
ek R 2 iR, M EdNet 5l 8245 Bk F  Psy-
INN HEZEHE 2R A |- i 2 32 F+ T G-Means $8 45
A B A AU A R AR SIS B DX 3 R A M O THD Y 1 R
541, DKT-Forget ) G-Means M 0.1626 #&F+ % 0. 3091
(490.10%0), QIKT M 0.4536 $#£F+ 2 0.5606 (A 23.59%0).
AN AE AUC, G-Means fll Precision | -1
PETE0E 35 Ry 2. 14%,17.20% F1 1. 23 %, 1% L&
R F Y, PsyINN 5] A M0 B 5 5 0 & B
il o A7 Bl T4 SR AR X A A% 2T RS B RO BE ) L 42
T X R A 4 AR A 1 o R AR L e LA
45 b 3 TR 5 B A e A HL I A B R (4n DK T-Forget
I QIKT) Hr R JL T oy i 25

K2 =AML IEE LT PsyINN ERMERIWE R p<<0.05)
o EdNet MaiMemo Lumosity

AUC Precision G-Means AUC Precision G-Means AUC Precision =~ G-Means
DK T 0.6211 0.6795 0. 3282 0. 6937 0.7390 0.5204 0. 8693 0. 7858 0. 7888
+PsyINN 0.6233" 0. 6828 " 0.3610 " 0.7000 " 0.7490 " 0.5612" 0.8788 " 0.8246" 0. 7839
DKT*FOrget:m] 0.5862 0. 6658 0.1626 0.6941 0. 7396 0.5192 0. 8261 0. 7534 0. 7586
+PsyINN 0.5997" 0.6746" 0.3091" 0.7029" 0.7517" 0.5685" 0.8401" 0.7727" 0.7626"
FIFAKT!" 0. 6010 0.6775 " 0.3137"° 0.6972 0. 7364 0. 5088 0. 8619 0.7912 0.7947"
+PsyINN 0.6145" 0. 6706 0. 2308 0. 6993 " 0.7512" 0.5732" 0.8809 " 0.8316" 0. 7944
SimpleK T " 0.5925 0. 6807 0. 3369 0. 6356 0.7398 0. 5251 0. 8270 0. 7404 0.7643
+PsyINN 0.6262" 0.6818" 0.3473" 0.6926" 0.7570" 0.5865" 0.8450" 0.7743" 0.7656"
QIKT"! 0. 6157 0. 6953 0. 4536 0. 6937 0. 7390 0. 5204 0. 8711 0. 7833 0.7852"
+PsyINN 0.6232" 0.7388" 0.5606" 0.6990" 0.7505" 0.5670" 0.8881" 0.8141" 0.7828
MIK T2 0.6193 0. 6831 0. 3607 0. 6887 0. 7396 0.5192 0. 8402 0. 8038 0.7889 "
+PsyINN 0.6255" 0.6843" 0.3711" 0.6947 " 0.7501" 0.5653" 0.8693" 0.8134" 0. 7845

1E MaiMemo $UHE 4 . PsyINN AEZ2 19 1§ 58 2%
B N E, A K G-Means ¥R 15 1F 1] 2
T OSE T4 R 9.92% , Hob SimpleKT 1 FI-
FAKT 23514 TF 11. 70 % i1 12. 66 % ; AUC F1 Pre-

cision X HE K Ry 2. 18 % Al 1. 72% . % JE B % KL
PR T H MR S IeBa, LR 25 R it — 4
U T PsyINN 7E 95 Z= M0 1247 0 i 4k 5 a5 Al
Tl AR T ) 3k G F , B 6% 2 T AR AL X A o) i) 7R
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1E Lumosity St £+, Ir A BRI ) AUC Fl Pre-
cision PR3 82 F+, PG K £y 2. 1006 F0 3. 720,
H:# DKT Hl FIFAKT fE Precision B34 4 4. 94 %
5. 11% . SULFE, DEIEL ) G-Means {6 A
PR B B B 3h (i DKT . QIKT . MIKT /)N i []
7% ;DK T-Forget,SimpleKT /NMNiE EF) ., Z A IF
BT IE AR EER A8 bR g L) 25 5 5 14N R
FH B 7 B {E . AUC fif 1 5 {8 TS 5 1) HE ¥ I &
Precision J& 7 [E % BI{E T A9 1E S 66 2% 5 11 G-Means
7 BEAE R — A [R) B 3 E 28 A Il 5 i 2Ry
P DR X (R AR, 7 R A LT Y Y Lu-
mosity 35 o, A 8 F S 1A Bk HEE RE (R
K3 (AUC F Precision 7).

25 I, PsyINN HE B2 75 2 Fii 41 55 28 Y b5 450 780 4%
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Background

This study focuses on a core issue in the field of Educa-
tional Data Mining (EDM) : how to effectively integrate cog-
nitive psychological theory into EDM tasks. Although deep
neural networks have demonstrated strong performance in
tasks such as knowledge tracing, learning performance pre-
diction, and learner profiling, their “black-box” nature often
results in limited interpretability and weak theoretical align-
ment, thereby constraining their practical application in edu-
cational decision-making and personalized interventions.

To fill this gap, this paper proposes the Psychology-In-
formed Neural Network (PsyINN)., a two-stage modeling
framework that integrates interpretable symbolic expressions
with data-driven neural optimization. The first stage initiali-
zes modeling structures using parameterized formulations
grounded in cognitive theory (e. g. » forgetting curves, prac-
tice laws). The second stage refines these structures through
a neural network jointly optimized with symbolic components
via dynamic knowledge alignment. Experiments across three
real-world educational datasets-MaiMemo (vocabulary mem-

ory)» EdNet (knowledge tracing) . and Lumosity (skill ac-

quisition)-demonstrate the robustness, task generalizability,
and theoretical alignment of PsyINN.

This work represents a novel paradigm in Al for educa-
tion by bridging cognitive theory and neural modeling within
a unified and evolvable framework. It provides both symbolic
interpretability and empirical adaptability, offering methodo-
logical advances for mechanism-oriented modeling in complex
learning environments. It also contributes to the long-term
vision of Al for Social Sciences and Humanities, where do-
main knowledge and machine learning are co-optimized to
support structural reasoning and scientific understanding.
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