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0J Exercise Recommendation Model Based on Deep Reinforcement Learning and Program
Analysis

JIN Tiancheng'?,DOU Liang* ,ZHANG Wei'? , XIAO Chunyun®,LIU Feng"* and ZHOU Aimin'**
1 Shanghai Institute of Al for Education, East China Normal University,Shanghai 200062, China

2 School of Computer Science and Technology,East China Normal University,Shanghai 200062, China

Abstract At present,there are a large number of exercises on the existing programming Online Judge systems(O]J) , which makes
it difficult for students to quickly find suitable exercises according to their own knowledge level and learning demand. Therefore,
it is necessary to design a model to recommend suitable exercises to students. However,due to uniqueness of O] and complexity of
programming ability evaluation, existing recommendation model can not complete O] exercise recommendation task well, the main
problems include: O] exercises’ lack of knowledge label and unique proposition style make it difficult for existing models to mine
correlation between exercises; actual correctness of the program submitted by student is inconsistent with O] judgement result,
which leads to deviation of students’ knowledge state estimated by models; existing models are difficult to provide exercises that
increase students’ programming ability most significantly. Based on this, this paper proposes an O] exercise recommendation
model based on deep reinforcement learning and program analysis. Firstly,analyzing optimal solution of exercises to mine correla-
tions between exercises. Then,comparing the similarity between programs submitted by students and optimal solution of exerci-
ses to check actual correctness of the programs submitted by students,so that knowledge state of students can be estimated more
accurately. Finally,using deep reinforcement learning technology,taking knowledge tracking model as student simulator and trea-
ting student simulator’s performance difference on all the exercises before and after answering exercises provided by exercise re-
commendation model as reward.so that exercise recommendation model can learn which exercise is able to improve the students’
programming ability to the greatest extent.and recommend such exercises to students. This paper conducts extensive experiments

on two datasets CodeForces and Libre of the well-known O] system,and experimental results show that the proposed model can
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achieve higher performance than the state-of-the-art recommendation models.
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S B 2 A T YUIR S 1) L AE AR SCHR DLk, R AE ¢ I 20 1 2 Atk
Bs,o RO WA A x5 A GRU M5 153 ¢ 1 %)

AFARL PR X 2 AR R S BE AT IE . o, g, € R Fllg) € R
O35 e, W) BRI RN 2 2R BT B 3S B P B EAST, 3F 4 1
A E] GGANN P T A 2) f9 A2 7 R AR [ s M e R4 g |f
WL SEUE 50, € R AT YIZR 0 0 & S50 (g.) " Mg +
b, FoRTH R ) B AR 5 2 A I 3 A R T Y U8 U 45 A 1Y A
U 28 55 sigmoid bR BN X AR LM & Bk 47 I8 — 1k L IF
A — Ak J5 04 2 BOVE S 2 A i £ 58 18 e 14 52 B 1 B 1 3R Ok W
TEAY S BT R G S5 H 0 MR A 1) ik, AT A5 B B
Y A 2 AR PR A &k,

T B UL AR R T A R T F R & 23
BRI RT 1 AST FaEZ S M, R’ 3 Frmw 4
5 H Python I C+ —+ 52 3 38 5 IF 32 %051 oKk A 5, [
—AJRH “return fib(n— 1) + fib (n — 2)” #£ Python F
CH 35T AST 45 E A, JF B Python
FCA AP F7 BT £ i AST #9745 5 44 Rl R — 20, I 7
Python 1 C+ -+ ) AST H 1Y ¥ & 4 K 43 5 2~ “ Literal” #ll
o A IR AR Y 5 > 8 e O A A D Y 4
W RTUORE W AST 25 AN [ o 3 1 00 455 700 A3f 11 ) o 3 45
YRR ARL P 0 2 A i 8 38 R P 0 S B TR B T S M . ROt AR
)LEUH%?%#E?“&*‘JZHU i i KalkiCode" " 1 pyl4thf

“Constant”,

U B T F 4 0 5 45 00 A BUIR S iR, € RS, AR SZIE R A [ Java Al Python #2756 C+ + ¥,
FCT) M 3 b 52 A i 3 52 A )y 5 >0 R dn A0 A 1 o 1 5 ﬁ%%ﬁ&luni?ﬂﬁlﬁlxﬂ#jfr T G5 R AR L B 5
def fib(n):
ifn==0orn==1:
L ‘ CallExpression | CallExpression ‘ [ MemberExpression ‘
else: v
’ Identifier ‘ BinaryExpression | Identifier ‘ BinaryExpression I Identifier
return fib(n-1) + fib(n-2)
fib - fib .
n 1 n 2
Python AST for Python
w
long fib(long n)
f
1
if(n==0|n==1) FuncCall | FuncCall l
{
return n;
s
?Ise f1l7 flh
l return fib(n-1) + fib(n-2); BinaryOp ‘ BinaryOp ‘
)
C++ AST for C++
B3 ORI SRR i AST 7R 4
Fig. 3 AST examples of different programming languages
4.3 BENBRAXN S EEREH R, sa) WM (8) FiR
o T4 ERDP fE 4% §2 fit 67 2 A< 42 e i1 fE O 39 K AR 2 L, =115 = pU, =115 ]

T A T R A SO 58 A 27 =1 7 R 7 1 R0 R 08 B A6 80 42
N AR A A B A R L AR TR A s, T A
AL PR I 2 8 1 3T e,y CBDVSRIRAT B a, ) U 10 47
RO IE ) A 25 MR 38 22 WY 7 S (A A O B T R KO(EL L R TRl e 2K

8

R(s,sa,)="2 E]

Hi, pL, =115 D) p(L,=11s) 0 R A B ETE 1
I 20825 52 ¢ J5 R ¢ B 220 B 005 T B0 R 25 0 B e, BROMESR . 25
t+1 F1 ¢ B 20 0 20 A AR RR A T A 20 L ) I B A 25 M R 2
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A 38 B A7 AR TEARAS s, TR AR o A A 7 T B BT A A 1Y
S e, 05 R BT AE OB KRR B R . [ B, )
77 R B 0 B AR A5 S Y 2L Al (i, DT AR B 2 o) B TE AR Y
2] BB R 0% die OB B b 4R T2 AR TE B A 28 ) IR MR O
TXRE Y > LR 25 2 LE L 3R BT 2% AR B P BT e ) 1 K A
EHEWHM,

4.4 RIS

AR SCHY B bR g T4k ] 2 A e RE ) R B O R g o, il )
BHEFERI R AR ROR A s, RT3 o, FT3AF 09 BRI T
LA Q s, va) B R AL 1 () .

QGs,va,)=E {R(s,sa,)+7 r“nax[Q(sy fsae) ) (€]
Hof,y€(0,1) HIET lﬁ?‘ylﬁl‘a‘X[Q(ﬁHﬂ sace) AR RTE
R s TORBUITA AT RE AT 3 5 P 3K AR 10 Q fH P iy
PN

BT O Hf K& /Y > BIF BB # A 35 00 > eom A
HHIFAETAERESATHN N QESTHERERIE, BT
fift P 3X AN 8] J, 52 Deep Q-Network™™ Y i & o A% SCR JH ¥R 2
Ak 74l ERDP BETL G AHSC S 80 0 A Q A, tn
K10 PR :

QCs, sa,)==Q(s, sa, 30) (10)

T R /NN T A vR ROk BB SR S 4

X
L(@)zzzl[%@—cz(s,,u/;e)ﬂ] an
y=RC(s, ya,) + ¥ max[QCs, 1 ra,1130)] (12)

Hodr, y e W20 H AR 0 2 ET B BRI 40 A 06 2 5L
L(O W 5500
;
VL) =2 2{[Qs,sa, ;) —yIVQ(s, sa, ;0 } (13)
ut=1
M ACRE N s, BF AR SCLL Qs va, s O HAE N ERDP X
TSI RI U e, 4 7 R 1 1 T 4 R A 2 R A 5 1%
PEATHE . T A TR S R . QCs,va, s ) BT B I
LD PR
A
Q(.\‘,,a,;0):Sigmoid[WqT(h,'®x,v1)+bq:| (14)
b € R HFARE s, MR FRE; 2, € R K3
erin BT ) B s W, € R4 g AT I 25 5 81 4k 56, € R J ]
VIENSECERIE T
BT S0 ) B B AN M 1 RS
&% 1 ERDP A S 3 ik
A R R, 22 F r
B VN7 ERDP BRI S8 0
1. BEHLWI Ih 1k ERDP #5825 0
2. YNGR D0 VR I8 B A5 0 A O 2 A L 2%
3.0'<0
4. for uin U do
5. for t<=1 to T do
6. BB sivac Ml s
7. 3 3 2 B AR T AR F] R(sha0)
8. i t+<T do

63
9. y<R(sisa)+7 max[ QCsit1sa041:0)]
A
10. else
11. y<—R(sya.)
12. end if

13. 0<0—1r[Q(sisa.30) —y VQC(s sa,;0)
14. 0'<0
15.  end for

16. end for
5 XI§

5.1 HE&E

AL ] CodeForces™ I Librel ™ Wi AL F 8144 O 11
R AR S BE A . IS BE R A G T T S B A P
AT 33 b o BUE B i R AR B AR R — S AE R
WA FEE > id bR AL S B R 0T AR & (T g
JOs AR IE R P EABIE LS W ERA 4R d AP
id, i RS AR GE R /AR T R IE & 2,
JEAT I (] AN AZ I (A 8 . CodeForces # Libre ¥4 45 1y 3 A
LR 1 A, 43 A A B 45 b BE HIL A B 80 %6 11 24 AR
FH TN S A0 D 2 Az BRI 3% 5 10 26 19 24 A= T 50 4F #E 45
AT 2 A AL 5 10 20 A 2 A ) T D003 A A A R

R1 BRI B AN B

Table 1 Basic information of datasets

LS EX X A RAp# REREIZH
CodeForces 7008 26787 1048575
Libre 2538 24657 1382200

5.2 EMIEHR

AR A Recall @ K (Recall Rate of Top-K items) #ll
MRR@ K (Mean Reciprocal Rank of Top-K items) {E J ¥ #fr
bRk oA OF M HEF R TIAE T — 22 . 2 BUHUIN AT 55 1Y
PERE o B8 R 5 BBl R F AR 2R K

Recall @K P40 & SLANF .

1 « |[R.NT.|
Recall @K =+ > —4% 74"
ccal@K=177 = R,

H, (U B2EAERNEGE R, ML R 5224 o HEH
WA s T, FoRWETRG 2F R K A2 T R A
MRR@K B2 LT .

g1
MRR@K = 1577 2 ok

Horf rank, JE2F A WMHER S R M AT K 38 3 80 58 — 38 1F 6
i AE B >0 R A B 37

ARSCP K BUA 10, % F A A FLS0 4 B AL R AR T 100
A o B ST H R — TR HE T
5.3 EWMiEE

A3 A# ] Tensorflow SEHUIFE 7 1 AL #8464 Adam,
2 AR 2 A SAINT #4090 Jf B SAINT #AI7E Code-
Forces Al Libre Y5iiF 4 & Y #E T R 435l Ky 87. 8% 1 84. 6% .
TR F B, X U8 I SAINT #5570 ml LA vf fff 1l 3903000 2 A= 19 2%
RUZE SR Tl ERDP BE 98K 8 3 £ 11 7 45 A9 72 )7 it hk

(15

(16
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KPR, 7€ ERDP 1, & B L Ab B R/ bs =128, 2% 3 &
[r=0. 001, F¢ /¥ A 10 B 46 ¥ d, = 256,37 [0 & 4 5 4, =64,
SRR FAL (7 YRS =128, F1R 5 R AL ) YR J =
16, JIPVIR S 8 B 48 7, =128 JE51 N F y=0.9,

5.4 RWERSMH

5.4.1 EEFEASFILERLER

AT PEAE ERDP B8 1 v R L A S0k 3 0 GE B
J ¥ DKTU, DKVMNE®, DKT-CE™® , SAINT® , 5 F 13 [7]
it 3 B J7 1 GRU4RECH!, SASRec ™, TiSASRec!"®!, Lo-
cker™ "V A1 3 F 5k 4k % 3J 19 Jy ¥ DRER™Y, HRL™/, HE-
LARM MR Wy B )7 . 5 ERDP HEAT X bE 52 36 L 52 56 25 5
% 2 BFHl, H o, DKT-CF,SAINT, TiSASRec, Locker, HE-
LAR 253 i 4F 48 0 09580 J7 %, 3F B X5 7 DKT, DKVMN,
DKT-CF I SAINT, A% 3C [in] %% £F #fE 77 1F 4 A 2 A % o 2 3
0.5 [y 2] 80, LLORIEHERE A 25 AR 19 2 IR R & KB AR &K
A 2.,

G2 2 B9 09 256 45 R vl A1, i T ERDP ] T 2 4
) S R e 42 48 > R 22 1] A9 A G 1 R L 3 A T R 32
TR Rl B O 08 F A 30 2% A P 1 58 AR I 1 52 BB B L O DD s
KA AR T2 AR T R R ) S HEE A 0y, B FE O] 3
B S L ReZ R To0ME k. b HRL 7236 T i
B ITHLH 0 5 HEAE R R BN T 3 T Ak 2% 2 19 A 4R
B g, B8R T 5 B AR > BAH G BEAR /N (4 M 20 80, [R] ok Pk
RE FLA % & T A LI CAE 2 ML 28 140 1 SASRec
MR AL, 9 H HELAR 78 HRL BY3E R E i B 3h 08 2R 4L
Tl g R T 4 2% 5 ) A R IR R, R e HEL AR () 4 75 1 60
& F HRL,

2 NIRRT Y L g 4 2R

Table 2 Experimental results of different models

e Ret‘all@lo. MRR@10 :
CodeForces Libre CodeForces Libre
DKT 0.2173 0.1540 0.1721 0.1129
DKVMN 0.2208 0.1685 0.1787 0.1201
DKT-CF 0.2227 0.1723 0.1809 0.1303
SAINT 0.2598 0.2041 0.2120 0.1595
GRU4REC 0.2156 0.1554 0.1708 0.1138
SASRec 0.2712 0.2083 0.2236 0.1679
TiSASRec 0.3229 0.2571 0.2684 0.2161
Locker 0.3156 0.2498 0.2613 0.2085
DRER 0.2804 0.2209 0.2309 0.1724
HRL 0.2937 0.2330 0.2415 0.1806
HELAR 0.3018 0.2407 0.2476 0.1859
ERDP-s 0.3564 0.2937 0.3078 0.2576
ERDP-c 0.3713 0.3361 0.3211 0.2957
ERDP 0.4176 0.3915 0.3602 0.3488

A% SCALHEAT T W4 Rl 236, ERDP-s F1 ERDP-c 433y K 4%
> BB B AR %A g 2 BBURRAE Y ERDP 1R BF IE MUK 25 89 ER-
DP, iid WL 2 Al 41, ERDP-s £ CodeForces F Libre %X
P4 b oE 47 03K 1), Recall @ 10 A Lt ERDP 43 51 B ik T
0.0612 1 0.0978, MRR@10 F&AKX T 0. 0524 F10.0912,3X 1
BH 43 M7 >0 R84 AR5 S IR B 6% 4l B = AR A AT AL §2 9 S =[]

I AE D, PETHBI Y MR RE . A, BB AE Libre LAYMERE T
R REEE R T CodeForces, #&43 4T . B3 Al 8 G 1) Ji (R o < A8
Libre (#5445 34. 08 %6 1Y > MW A 0 R s AR 48, 25 >
A AS AL T R S R A A S R AE S O 0 M 4 A 3
YRR ZE 1Y 2 B 2 TR) B A S DT 2 A ARG ) R AR A
I PERE . M 7E CodeForces B4 5 . AN AT 4. 62 % 1) > %
A AR A5 oA (0 T B R A T T R R R AR
ERDP-c t. 7 CodeForces #l Libres b #E47 T i , Recall @
10 4 1t ERDP 433 F & T 0. 0463 1 0. 0554, MRR@10 4351
TFRET 0.0391 F1 0. 053 1, 15 B bb 4 2 2k T 8 A8 A2 AN B A
fifp AL A B 46 56 2 A T A8 e 1) S B I ¢ L 5 B AR
T B o T A 2 A 0 N FUIR S .
5.4.2  RIHHE A RO I IE

T B EAE AR SCRT B Y 22l AL AK B T L A R AR A
TS . A& ERDP A% A8 Bk A ER-
DP-KT, ¥ (1D QCs, »a, ; ) B W Jhy A5 5 Jiy 70 1% 2% A=
LIRS s F AR T30 AR 2% ) e o BOBESR p (L =115 fi
WERRH po R AD PR

prs = sigmoid[W! (b, D)+, ] an

JE it Fe /ME TN AE R 5 R K e 45 1 A8 Uik L
17 s AER S8, X (18) f s

L:%:’i[l/logp,+(1*l,)1og(1*p/)] (18)

ERDP-KT 7 Wi A~ 5 i 55 b A9 B0 543 51k 89. 7%
88.2% . FHH ERDP-KT 4% #84 1] L 7 Bf iy 00 2 A= 1) 285 J 45
o BRJE M ERDP-KT 43 51K 15 B e 25 48 2 5 #3238 0,
0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9 Fl 1§y >J BT 25
A AEMNAAE By SR A R A 4 FR

030

—*— CodeForces
-@ Libre

MRR@10

0 01 02 03 04 05 06 07 08 09 10
Correct probatility

4 VR [R] IE AR R Y S 56 45
Fig. 4 Experimental results with different correct probability

AR ] 4 B S 36 205 5 R0, ) 2 2B S5 4 78 TF 1 A 240 Ak
REHEVT 0.4 F1 0. 6 1Y > B}, ERDP-KT 7E CodeForces £l
Libre | i >J #0477 1 g ik 3 J& I, MRR@ 10 4351 )y 0. 2935
F10. 2704, 1 ERDP BrEUEH) MRR@10 24 0. 3602 Fi1 0. 3488,
UEHT T A SBT3 (0 22 SRl L LG ) 27 28 4 35 48 8 1 84 A 25
BN ) R R AR L
5.4.3 EFERBEKZY 05

AICAHT T ERDP ¥ K i A B2 S 50 >
PERE IS, X P B S805 0 R &S R F v FURR I 3R AE )
WHEd, .

(DS T, AR5 2 B HE 7 R BT R FRAHE
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BPHE KN ETE S, SIS T AR RS B X 5 A
PEREISE R, %8 S B IUE 4 A28 (0,0.1,0. 2,0. 3,0. 4,
0.5,0.6,0.7,0.8,0.9,1}, B 5% H TR MESHF T
RILE CodeForces Fl Libre i 4E I MRR@ 10 48 #7 iy 22 1k i
2RISR B HA R S B0 B . WA 5 Al BT H
ol 55 7 3850 SR 5 W) 4% K, CodeForces Al Libre 78 0. 9 &b Bt 45 &%
FER I . AR R -2 /s i, A5 TR 2 K] 220 A AR R Sk 1 R T
T RE T 14 R B T R AR ROR T S AT R 72 1 B
B 25 38 43 3G 1S HiT AR P48 BT Al 3 19 2% A AR B Y T g
FIRER AR B T AN T A R LA R 22, TR IR T A ALY
PERE

(ORI RAE M = 4. LR T A W7 £ 1E [
it 2k ALY PE R G 5 IR 1O S B EBUE A D (16, 32,
64,128,256,512}. Kl 6 45 i T B M HE CodeForces il Libre
WHX4E = MRR@ 10 A2 4t 2k, T LB Y, BE 25 4E B Y 3
i BRI UR AR L 7E 256 Kbk Bl Al MAke i n | 512
if, BB BOR S A T R T A 2 B R i 4 T 4 5 Bt
B BRAR T AR IZ AL RE T

036 { —# CodeForces
-@- Libre

035

034

MRR@10

033

0.32
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Penalty factor

5 BEEA Al 75 R T B 52 6 45 2R

Fig. 5 Experimental results with different penalty factors
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Fig. 6 Experimental results with different program embedding

vector dimensions
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