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2 Centre for Informatics andSystems, University of Coimbra,Coimbra 3000-115,Portugal

Abstract The online judge (O]) is a widely used system for programming education,learning and contests. Users often get lost
in searching for tasks of interest in the massive database. How to recommend suitable programming tasks to the users and plan
the learning path is a significant research topicin the development of online programming evaluation system. Existing traditional
recommendation methods have the limitation of making a trade-off between interpretability and effectiveness. This paper proposes
a task-recommending model for the OJ platform -hybrid programming task recommendation model based on knowledge graph and
collaborative filtering for online judge (HKGCF). The HKGCF model can help users improve their learning effect by recommen-
ding questions that match their current knowledge levels and skills. The model is designed based on a hybrid strategy that in-
tegrates the knowledge graph representation learning with an improved collaborative filtering algorithm. The model is implemen-
ted and integrated into the O] platform of Beihang University,and meet the specific interaction formats of the OJ platform. We
conducted two experiments, an online and an offline test, to validate the proposed model and its implementations. The results
show that the proposed model outperforms the representative conventional recommendation algorithm interms of interpretability
and accuracy.

Keywords Programming education, Online judge systems, Personalized recommendations, Knowledge graph. Collaborative filte-

ring , Feature fusion

THE RGN E MR, BEE TS LRE PR R R 25 iy P &k

& P AETES 2 2T B LRI AU B R B B P AT

UTAER LA T F 5 B9 DGR ISR T R K 5 R 6] R 3 2 L O e AL AT AR RN E AL AR A5 BT A T
GOSN G S N (Y- e v 11 2 SR 7wl I~ A 20 < /[ WP 1 5 T S N 1 Y8710/ g 5 o

1 3l

il

B3 B 97:2021-12-09 3R f& H1H].2022-07-13

HATH R ARRA RS EIH (61977002) 5 [ 5K A AR 2 5 G 75 4F AL 22 B G T H (62107002) 5 7645 # A3 AT & 31K (21310101D)

This work was supported by the National Natural Science Foundation of China General Program(61977002) , National Natural Science Foundation
of China for Youths(62107002) and key Research and Development Program of Hebei Province(21310101D).

EEVEE KK (songyou@ buaa. edu. cn)



RPN, 45 FE T R R 5 D [5) 2 D R 5 SR W A 7 28 2 A T 00 2% 00 4 7 S 20 107

S RTARER AR S e E, B AN TR,
HER ] I AT A R A BE RS AZ I T P Y TR TE DGR i 4L T AT
by PP B A UG 30 HE S B 8 SR 4 7 i R 55

i TE HE S, L Codeforces J Peking University
Online Judge (POD™ AR ML DI R G0 2 it T
BIFHE T E 5RO TH P EL SRS 2
OR AT BB ) — 36, LTI RS IR T ACM [ bRk %k
7 % 11 3% % (International Collegiate Programming Con-
test, ICPC) , ¥ 8 1 X 25 752 27 7 #¢) I 18] A1 2 [8] (9 BR A 35 22 T
) B RN E TR ERE G T C.C++ ,Java 5
R g AR W ECE AR

B 1 Lt B U B9 B, 7 5 b i S T
PSR E A BB EE S A C S E T MBS
H @ & WE . S 7 2 P 8 E 8 2R R AR SR
THT — PR A 5 A HE BT, B EL T R ] A0 E R) o g
F R E AR — HKGCF, %A R F 78 2637 U R 46k
TR KA T AR 2 AT B0 i [ i A BOR ¥
2 SIAT B A3 S T BRI B B B R 4R AR R TR
TR AR T R I 0 2R i Bl A SO 1Y D T o i A v 1
SHR 2t SR 01 A 0 0 0 AT SRR L T 1) R P SR 0 E LA
T 1 4 v o R K B AE

2 HXTIIE

2.1 tHhETREFEE

TEGi P B F SN A R 2 0F 500 A% 58 e 75 508 v 1]
TEG AL L VF I F & b H bR o & ORI Y Bl )iz B 2
TRAG TR AR RURE PR BEAT HEFE M B R B B Rk £
L4 3 R AL BT P B T o R T B A [ 5 U
FEREES . Wu SEER N T — sl ) 2 T P 60 P (6D 2 95
PR BRIE A A T H PR RUE AR B, DL AR B A TS A e i
LRI A LA R R — R T. Yu FSH I T R
T P2 i = R AR P [R) o e A T s O B
AT LTI & 0k L B A AT T E Rt kA T
TP A HEAE AR L P TR Ao U vk B A o R T i
Tt A0 5 PRI i e Hoa I TR m AR A E i
SR, B I e B B 1 AR Bz AL e 0 B . LS80 N 48R D6k
AN B P RUE A S T A P S8 S ), e A
P W E BT SCRAE SR B . AR I 24 108 1 Rl
A P R T R AR SR B e % G P R SR g R BT BT R AT
RO PR AE LV & P P 0 1 7 RO 26 R PR A 52 B
Al R T — LR,
2.2 ETHMREEREFINEEREZE

VAR TR BE 2% 2 HUR (Deep Learning, DL) H# & Jig,
TE P AT R R T SO AS B T Tz R . — B LR R A
I TR B 2 2] BE Y AN A BF P48 W 4% (Recurrent Neural Net-
work, RNN) | & # 2’ 2% (Graph Neural Networks, GNN)
S I A B 2 ) B H R AT A T, e SR
(Decision Tree. DT) 2 f [8] 19, #p 5 DU 0t 7 £% 8 (Naive
Bayesian Model, NBM) % {% 55 #8570 %} Lt , YR B = > 455 76 5t )
TR RN, RIRS L HE R AL (Attention Model,

AM) BEGIAMER S, 7 P 7 35 45 1 7T B R 5 L TRk
FAE I P 0 A 30 2% 5 30 R 4F SF O B, AFMT®, DIN
FEDT I TR R T AL O R TR AE 2 3 T 5 A L R R
A L DT 1 KRS L 40 Chounta 25 R HITE & S 9L . A 30
2 o) 2 RN 2 A 2 S AT O Z ) Y VA, SR ME
DL A (AT SR R SR, B 5 R 8 22 1~ A R
2 ) N IAEAEAE R Ge i TR BE 2 2T 2% 1) o 400 JE vk X 45 2R
HEAT Al 55 ol o L BT 2 B 1Ok

B Ay 1 G Bt AR AR JE 29 &b 78, FR I 7T L3 23 %) A
PN v 1) S AN G JR HEAT FRAR 2% 2 o 1 55 92 4 8] 1y 3 X
ARk, DA A5 S i R M SR G 45 R TYT, DL TransENYY,
TransH'™ J& STrans HM™ S 8 3 A %1 1 &1 1% B0 198 3 4F 45 21
T 5 K S A A B AR B G — I IR iR A S ] R S AR G
Ry ) RAE B )5 18 A . oA AU R TR
PR0R O BRI T A Gt 5 5k 0 B0 A A ) R PR
BTN BN HEAE R G, I MKRM , entity2rec P4,
2.3 ZEthEATREMREENREHEEREE

RGBT LUK 2 A4 R W) 28 B i 5 ik Ak
o Tl IR A il T 3 O B DA A 38 B 4 4 4 A O
BT C A E NS 2 B R RS R AR 2] 5 1% G W3 A
b BB L LA A% 0 Bk I A 8 () B i T A R A A
TR e AP A 0D R . 91 B Zhang % H 9 CKE (Collabo-
rative Knowledge Base Embedding for Recommender Sys-
tems) VLA 25 49 Tb HRRAT J7 BB 1 5 ik A ] = Al
B Yp R T IR P A AR T T A M R L SR
T B N P R B T e i B S O L PR TR BT
SCfFE B VEAR IR A SR RS 5 P R 0 R A A
R (HCKDC model) » 4 T 7R B2 2 27 I % (14 601 1570 18] 135 A2 700 Jf: 45
A R IR] o DR AR e DN 43 0 M R SRR T Y 25 A
FilA B TE T R R SR LA R T R R TR

g5 1 TR A 5 1 7 #7545 2R R A0 T A R 1 A
A v Mk LA A B0 A AR SR SR B RS R AE 2 2 5 A o g
T 2 22 e A3 ] SR 1) JEL B RIS B A DR UE M B BE 1Y T 4R
T d KR B T T R

3 HKGCF &:£myi%it

A 3CB 9 HKGCF 553k 45 B [a] 5 9% 50 R i
FRAE 5 > B I0 MUK HE HE e .00 3 A0, B8 B AR i 1AT 1
B

b Ie) i 9 B C 6 B AT P A B AR R T B . AR BRT
WA S A ) e B s ) A DR L P S R A 5 L B
By - B 2 B FE W, O 38 5 b BT B (Gradient De-
scent) B J7 & HEAT 1) 20 A . DT 2R A5 44 4% LB 22 HAR S
B B ) S, KO H B R e

SRR A~ ) B TC T S )l A 25 A R 4 O R
B RIREL 6 F P 508 A R U R AT 5. i TAELRE
& ge v A A E R B AT W B AR OC R DR AT DL
BARE P B (oo, ) BOB B R M5 0 & R SR 5l
T IR A 5106 45 ) I — AN A R IR i, 4 T ek Y
PR 3% AL 27 T J5 18 A B TR A S 0 R U AL



108

Computer Science THEMEL2: Vol. 50, No. 2, Feb. 2023

0 05 24 8 2 1 A DA T 20 75 H A T A 0 AR G o ity . 5
HE B £ 2 0 0 LR G 1 B, % SC A 8004 A5 ) 030
PR3 0, 5 1] P10 A R 4% 4 15 0 T - A
G AR R )AL T R S TS A 5 P
8 e 52 A 2 0 5 A WA TS ok 6 e i 2 39 7 5
B HT R AE 1] b,

I HE 3 20T T G A B 15 8060 P 20 9 7 1
) sy, J RS S RS T b 0, 50 BT AL B A it
TSR JH AR 45 7 3%, BE R 4 A [ 4 B 85 8 9 2 BUS i
BB e A B R o, A o
S L 9 2485 5 e« IF 11 5 ) A I 2R W ST Top-K 3
P,

Precise sorting unit

@ Score prediction

Weighted
aggregation

Attention unit

W

Knowledge T

w-*ijii?-wudii.
T representation
Matrix learning
decomposition

User-Task interaction User-Task knowledge Task knowledge
matrix W graph graph

1
(o[ oMl o[ o]

User-Task interaction vector User-Task interaction ~ Task Eigenvector
Vin vector Vi, Ve

Collaborative filtering unit Knowledge graph feature learning unit

K1 HKGCF BAI 4 E
Fig. 1 HKGCF model architecture
3.1 AR
Wt BRI A 55 — 20 5 25X 9 1k 4% ) 3 ik 4708 4k
ik, XTHEN m MHPARNES U={uwuzssu,)
DI Bn B ARMES T=">_t1,0, 1, A OB AL Hg
FH P -8 H 28 B WL AR G, R PR H AR R
§,, - HKGCF R 3ok 114 5 45 55 0 44 0F 1) 4 4 45
KA w X REE ¢ 09 S48, DA 58 BT P 0 R H VS TR
SR ) T i
AT S EEGME 15,
F1 OPHAMAFSES

Table 1 Set of symbols used in this paper
Notations Descriptions
U.,T the set of users and tasks
man the number of users and tasks
v the initial vectors
u,t the vector of users and tasks
h.r.l the vector of entities and relations
w the interaction matrix
N the weighting matrix
M the conversion matrix
4 the knowledge graph
a the weighting factors
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Table 2 Classification of submit assessment results for common

tasks

Returned results

AC(Accepted)

Descriptions

Pass all test points of the task
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CE(Compile Error) . .} g P Y
pilation

. X . An error occurred while the program was run-
RE(Runtime Error) A .
ning that caused it to crash

R The program outputs the correct result, but
PE(Presentation Error) L.
the output is incorrectly formatted

TLE(Time Limit Exceeded) The program runs beyond the runtime limit
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Table 3 Knowledge graph entities in HKGCF model

Entity Names Descriptions

Task Tasks in O] system
Knowledge point Knowledge points of the task
Difficulty Difficulty of the task
Contest Contests in O] system
User Users in O] system
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Table 4 Knowledge graph entity relationships in HKGCF model

Entity A Entity Relationships Entity B
Task Contains Knowledge point
Task Has property Difficulty
Task Belongs to Contest
User Submits correctly Task
User Participates in Contest
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Table 5 Dataset information
Datasets Size
Users 26901
User-Topic interaction
Tasks 4653

behavior dataset

Effective interactions 2722398
Entities 5323
Topic feature information Entity types 4
dataset Relations 18656
Relation types 4

4.1.2 FBHIELAHMER

AR SC AR B B 2 BR85 h Intel Core i5-8250U@ 1. 60GHz
i CPU Y5 8GB W17, #:/FE &4~ Ubuntu 18. 04, 3L B S N
Python, f#i F§ TensorFlow fEZE ,

AR SCASE AR BEAT STER AT 68 A Xavier W13R 46 212 3115
PR R 5 0, FF B B2 ST R L, O 0. 005, 4tb K K/ batch A
1024, ML ZH A 10772, M 107 S B &, HaE it s
BB B &R SR R
4.1.3 FHREZERIENKRZ

AR 45 R0 A2 & 8 s W FEAR TR K 48T 1)
Top-K HEF = T BB AU 15 R (precision) » LA K 4 f i i
# (Click-Through-Rate, CTR) , Hifti &% 5 T i Fl-score 1
22 F WA (Area Under Curve, AUC),

Fl-score J& £ & I WA B 58 A1 43 7] 3 (recall) (1) 52 56 35
Fr o h O B PR A BE B UL RS A S M IT A M S L . B
rh N B 25 4 AT OE B 00 R E RS L 4 28 8 0 E O TE A R
e R B A E0 LB, 8 T SR T R IE AR 98 E 7 JOE
SR B A B He . AR AR T DL DR VA R R b e S A
L EEH R 6 Bisl,

K6 WA

Table 6 Confusion matrix

Sample Sample Not
Results
Adopted Adopted
Sample Recommended TP FP
Sample Not Recommended FN TN

Horp, TP (True Positive) 27 A # e 45 If H 4k H P ok
JHRIEEAS , TN (True Negative) 7~ 8 H AN ¥ #E & w7 A
SR A LA FP (False Positive) 78 H g 72 (H
A PR FARAEA ,FN (False Negative) 27~ 8 H A4S #% 1
FEEA P AN EEAR, 75 Top-K MR INE R
21 Top-K 45 5L IR BB H) 2 (9 IEAE AR, MIHEYE R G
W% A [RH Fl-score 043l #R AR (19— 2D

TP
TP+FP
TP
TP+FN

a9y

Precision=

Recall= (20)

2 * Precision * Recall
Fi= Precision + Recall 2%

AUC 8 b5 n Z i3 TAEFRAE I 26 (the Receiver Ope-
rating Characteristic, ROC) "I # 1 £, H A% A& b5 R 8 BH 4 R
(False Positive Rate, FPR) , 2\ 4 $5 i E FH £ % (True Posi-
tive Rate, TPR) I3 Xt = (22) Prow

_FP
FPR= N
Tp (22)

WARBR W T AR B — A IE AR A T GUAE A I, 43 28 2%
T LLIEREAR 15 43 KT SOREAS (A 38, PR 080 AT LA 9 e ke
R AP RE
4.1.4 A&k

T B R S 5 A5 5 A O A S S 2 S R 2
DB VA HEAT T SR S5 R A 0 L R A R R AR R R
S B4 B R] 2ok 308 B T ) R 4 5 R AR 45 S BT i R
% CKE,KGAT 1 Ripplenet %, LLPEAE AR ST BRI (g PR fE, A
RXF LT B AT .

(D XTS5 i U Il i 0B 5% (TtemCF) . 56T F P AH A
JE B0 i [ 2 98 B L S HL A OB AL SR Y R AT
EroE /iR Y <k

(D FT AP PR i 083 (UserCE) , % B L 2 H R
PO e 97 37 S5 v 7 P i) RO I e ) A A0 B T W A A
JEIFRHEAT Top-K 7 BEAE I 2042 4 1 P 10 2480 i 47

(3) RKGE (Recurrent Knowledge Graph Embedding) .
AR SCRETIAR T B TG B A 2 0 4% 11 R S T B AR TR T
T BE WS 0 O o o 4 4 TBOHR: L M AR 4 S L A 6 1 42 T i
RV Bl [ A ARG R,

(DOCKE , 288 B4 R 1% 51 A B 77 R e b 45 B)
PT35S R 10y P 7 DG IR 4 T 3 7 0T o o R Ll Bl 10 6 B i
A HEHHORS 2 TR T,

(5)RippleNet, #5518 403 R i 45 44 5 13 R AE 1Y
T 3f A 4% . e R T AR R N B R E B R 5
R ) S5 HEAT AU AL L B Sy S S0 20 T P e 4T R 65 o
JakitSiikca iy

(6) KGAT (Knowledge Graph Attention Network for
Recommendation) , B T — B il G 1 18 3% R AE 2
TE R P4 I A 50 Rk T IR B M A 2 T P R
HEARECRBAL .

4.1.5 SFEBEZERHH

Top-K #4735 50 T R SL B 45 R a3k 7 MEl 5 fros . CTR

Bl G 50T Y SC 45 Rk 8 BT A,

F T B EXT L

Table 7 Algorithm accuracy comparison

Model Precision@1 Precision@5  Precision@10  Precision@20
ItemCF 0.1534 0.1442 0.1393 0.1011
UserCF 0.1425 0.1453 0.1386 0.1032
RKGE 0.1091 0.0951 0.0753 0.0746
CKE 0.1023 0.0977 0.0792 0.0705
RippleNet 0.1150 0.1042 0.0959 0.0894
KGAT 0.1676 0.1574 0.1202 0.1181
HKGCF 0.1883 0.1723 0.1672 0. 1525
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Fig.5 Algorithm accuracy comparison
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Table 8 Results comparison under CTR prediction

Model F1 AUC
ItemCF 0.1103 0.6246
UserCF 0.0956 0.5988
RKGE 0.0879 0.5834
CKE 0.0857 0.6037
RippleNet 0.0843 0.5712
KGAT 0.1249 0.6468
HKGCF 0.1344 0.6509

M 5.2 7 BT LIE ) HKGCF #i# 5 TtemCF, User-
CF,RKGE,CKE,RippleNet, KGAT & #E #2 w: 4 1t . A Al K
VEAR T 0 S 5 e R Ay R T 3. 6%, 3. 8%.8. 2%,
8.3%,2. 9% F1 6.9% . MR SIS EE B 43 i) AT LUK B
BN BB T B HE #2575 (CKE, RippleNet) iy T 4 UE AT
A T P T AT A T o R, O AEROUR N ARl A T U R i kR
HEHE (ItemCF, UserCF, CKE, HKGCF) ; [dl ¥, T A T 132
B MR A A (KGAT, HKGCE) 7645 i 3 | #5845
TG A T BRI A5 A T 1 L A R L T R S A
K PR AR IE S B .

N 8 Hl LLF H, HKGCF #5 5 (¥ #7722 LLE Fl-score
5 AUC#8/r T# B A 8 B L%, F#il, KGAT 5 HKGCF
FIHE U B O T Ao b R UE B R ML S AR
TERLA e — B DR THERE A M RE . SRS R R
R, A SR Y S 0o A A A 5 LA B R Tk A R TR O T 9
F5 L B RAE 1, BT DL RE A A AR R P 2 A5 A
HEFE R,

4,2 #ZE A/BAR

P T 2 (5 P 8 2R VA O S il 58 SRR 1 i ST PRI B
BT, DR AR St 3 o 2k R BE DL 43 A ST 58 R R A
il AN [ B4 3 42 5 12 3 4R S0 HK GO A8 R0 3E 47 4 1 EA

EA/B I AR S b ok B AR LR P T AR 3 R

FHFYLL 121 /4 Lo 43 31 it LA A% e Br IR) i 98 3k 5 HKGCF 3
RS R, S P R A R R A SRR X E
FIWTPTE RS R BB E PR R, EFFE8WH WL
R, HKGCF #E 72 35 5t b i) F P s 28 A 2 6 4% L)
10. 8% 9. 5 Y6 A B 3k B [m) ot i 4 5, L A B0
9 A, Wik, W LL#Ik HKGCF 15 5 Top-K 1 17 45 5=
T AB S L F O  OR .

9 £ A/B KRS 4 R X

Table 9 Results comparison from online A/B tests

Model Task Hits Task Pass Rate
ItemCF 0.1540 0.1034
HKGCF 0.2621 0.1981

4.3 TWRBMEIEM

A7 25 B2 B RTff e T o 4 7 R 1 A U T
55 R0 A 56 0 3 P R A T VA

HKGCF 88 5% 1] i B A 15 B2 AT A B 1 09 i I 2o 0 90 1%
U P % A RS R T AR 4R dee 2 HE P 20T P Y T RO A
FB TN B A [ R 5T B AL A R AR AF B S e ) e A
AT Ay J 62 167 A T Bk AR 1 TR IR AL AR A . R Gl 3 T
O (1 Ji Ak 3 2 A R O 9 2 P 5 R A 0 o T Y S B
AR R P S5 E Z A A WS R A a e
FR)FE TR A o 263K B JU AT HE T A T R R Y e — L 9
FEMR TR A L FR AN B 6 TR .

()

Interacts with

Task Entitiy .
Knowledge point Entity
@ Contest Entity
@ Difficulty Entity

\TI T int 1) ) M .
he user interacts Sp— c
i HKGCF model generate Recommended
with a task y results

association path

&l 6 k7 il R 0 £ kit A
Fig. 6 Process of generating recommendation explanation
R T B UEA SO T B B G Y T A R A B AL R AR
I Z A MR AL AR PEFT Top-5 HERE  Ho b — A REEREAR (0 36
WEZE Rk 10 frd,

10 A AR TR S 00 G TE 4 2R

Table 10 Validation results of recommendation explanation experiment

Recommended Tasks

Highest Weight Unit

Recommendation Explanations

Repeat String Pairs
Tree Structure

Minimum spanning

tree algorithm
Multipacks

Crowdsourcing Issues

Collaborative filtering unit

Knowledge graph feature learning unit

Knowledge graph feature learning unit

Knowledge graph feature learning unit

Collaborative filtering unit

A classmate with similar interests to yours also did thisprogrammingtask
Based on the programming task you did,“Mdd’s Chain Table”, we recommend
thisprogrammingtask with similar difficulty

Based on your mastered knowledge point of the “KD tree”, we recommend this-
programmingtask with similar knowledge point

Based on your mastered knowledge point of the “Knapsack problem”, we recom-
mend thisprogrammingtask with similar knowledge point

A classmate with similar interests to yours also did thisprogrammingtask
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Table 11 Results of user survey
Model Qa Qb Qc Qd
CKE 3.521 2.631 1. 830 —
RippleNet  3.493 2.711 1.225 -
HKGCF 3.965 3.052 4.137 3. 406

HRE LA 1 52 36 AT A5 AT DL 3, HKGCF A58 B RE 4% 4
FH P 5 T B 077 i e, HOHE R 2 2R A R 1 v i ek
4.4 ZTWERZL
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FHB A BB AT T X, 45 8 &k 3 HKGCF #3 LL - 3 8
WHF 17.01% Fl-score {H 0. 1344 [ AUC {H 0. 6509 145 H
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