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Abstract 
In order to promote national policies and enhance 
national competitiveness, public servants must keep 
pace with the times in their professional skills. 
However, the time and frequency of on-the-job 
training for civil servants each year are limited. 
Therefore, if courses can be recommended through 
technology, it will help civil servants to effectively 
choose relevant training courses. However, during 
their decades of public service, civil servants will 
experience different service agencies, grades, 
positions, etc., and their education level and age will 
also change. Therefore, course recommendations need 
to take into account the background of civil servants, 
including job-related background and relevant 
background that affects preferences. Moreover, the 
general adult learning habit is to find answers through 
understanding, so course recommendations must be 
"explainable" to effectively assist civil servants in 
understanding and making course selection decisions. 
Generally, there are recommendation systems that 
consider context or interpretability for product 
recommendation, but it is not common to have both. 
This study proposes a Civil-servant Profile Course 
Graph using knowledge graph and combined with the 

 
1 �Â4Ã�*Ä#Å�*ÆÇ!"#1ÈÉ5Ä 

LSTM recommendation model. This model can take 
into account the decades of job-related background 
and personal demographic background of civil 
servants and make recommendations. The courses 
have been reviewed to be explainable and the 
experimental evaluation results have shown good 
performance. 
Keywords: Recommendation System, Knowledge 
Graph, Course, Civil Servant 
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!"#$Â4¨Efghij4"2aij

D4"ÊÊvËij46Ì6ÍÂ=K�2%J
Î:ÏÐÑ,uÒ9ÓÔ2!"#$3456Õ
789:;<2Ö×VW!"#$AHID5C
:E2&QBCØ¥DOP2Ù�² ÚÛ= 
!"#$OP&QH�ÃÜ5DOP&Q2

Ü5OPÝÃÞßno2Ayà@I,áà5�,
7yOPmâHßãäa!"#$^_OPåÝ

ÃæÞßno2ç��BCvèDA4^_2�
éyà@I,áà5�mßê= 
!"#$Gb@!"cde2fghijk

"l],4m,4"mg_2noPpq@rs
ftu2JKOP&Qvwx!"#$yOë:
Dz{2|}4",noPpq@rm#¯°±
ìí =K�2î#5CïðMN��ñòóô2
OP&QDõU���öU÷VW���<�Z
O�+= 
�H��&QRSø`��Hwxz{

(Context)�U���(Explainability)DB�2>�
ùH�úz{qU���DB�=3B�ûËü
DAýþ!"#$BCÿ!,BCë:D!"z
{ìíqOP"3ìí2-�6#$!"#$%
&5Cvè,�úGb@!"cdg_,noP
pq@rtu2q�HU���D!"#$OP
&Q'°2÷VW!"#$ZOD�+(w= 

2. 4567 

2.1 &Q'° 

&Q'°ç)*+,N-'°2%ü. /
-091\]�H23D4ü56=&Q'°D
78RS�% 3 Ü92|}"Ã:;D&Q'° 
(Content-based Recommendation System),"ÃV



 

 

 

jN-D&Q'° (Collaborative Filtering-based 
Recommendation System) q<¥N-RS ( Hybrid 
Filtering Technique ) [1][10]= 
"Ã:;D&Q'°ûËçËÈ= User NÊ

>23D Item ?@2÷&Q9AB?@9CD
ItemD User=User��?@UE1gFGH Item
IJK [1] [2][5][12] = 
"ÃVjN-D&Q'°ç)*� L#M

ND&QRS2"3OPç UserQKEU6H\
j�9CD��2ýþNÊD��ìíRU÷ 
I&Q2SU�% Memory-based q Model-based
DVjN-[4]= 

2.2 OP&Q 

®#TDOP&QUVUMNWX&Q'°
RS� [4]2\]B�D6YZ|[5C\] 
[3][7][8],5C^±[3],÷_�¡6%`aDy
Obc [3],de5C:EIfD&Q [7] m2g
hvË��ij¡¢Dk)lm=)n&Q'°
&Q�IDOPghç÷o¥� Top-N �pqc2
r��H5C\],5CY£m�H_sbcD
`a= 
tOP3uIv2Gw5COPA5C\],

5C^±m6Y2H�xDyz2AU6çGw
5COPr�;H{�îij5C|} [7]2ij
5C|}E~A_�¡6D]� [3]=�HB�û
ËA�WÜ5cDZO+�2\]RS|}"Ã
�U��(Markov Chain)DVjN- [6]q�l�
�(Random Walk with Restarts) [9]= 

3. 6789 
3B�-�)®� ¡¢£D!"#$BCz{
OP£ (Civil-servant Profile Course Graph, CPC 
Graph)2¤¥¦§¨©ª«¬(Long Short Term 
Memory, LSTM)m�h��25�w­!"#$
D!"z{2®##¯°±z{2��U���
D!"#$OP&Q'°= 

3.1 5�!"#$BCz{OP£ 

3B��_ýþ!"#$BCÿ!(User-Course 
Interactions) ,5$"3ìí(User Profile)qOP
"3ìí(Course Profile)2ñ�(h, r, t) �}�]�2
1e h, t%ijD Entities2a rå% Entities ED
]� (Relationships)2þ÷5�!"#$BCz{
OP£ CPC Graph2|} User-Profile-Course 
Tripartite Graphq Course Knowledge Graph�Ü�
� (Ö£ 1)= 
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User-Profile-Course Tripartite Graph �  UserBC
OPq1!"z{ìí¸5�=÷£ 1 %�2u4
HBCOP c12åH (u4, BC, c1) �}�]�2
u4��9 c1��Ef5� Edge21 EdgeçBC
]�ä��ÕH (c1, �…BC, u4) �}�]�2
JK u49 c1ED Edgeç��D2�ç Edge]
�ij=j�2User91!"z{sf5� Edge2
�Ö (u4, �k"Ã, no�),(no�, �H�Ý, 
u4)=K�2�E(^ÿ!2T!"z{9OPE
5� Edge2�Ö (no�, Q�j�(�, c3), (c3, 
�…Q�(^, no�)= 
Course Knowledge GraphåçEOP"3ìí¸5
�D2�Ö c3Ø¥QÂ#$BC2åfH (c3, (
^ì�, QÂ),(c3, BCì�, QÂ)m]�äj�
OP9OPD]¿À ÕH (c3, ]¿À |}, ß
¡),(ß¡, ÝÃ]¿À , c3)m]�= 

3.2 \]JK 

5� CPC Graph�s2Ö¢ User��A CPC 
Graph £U÷�ò¤) Course ��2Ï¥Hlf
BCA¦ Course=a (User, Course) Pair�Egh
fHx§ Paths=÷£ 1D u4%�2u4�hBC
c1OP2A!"z{��2u4çõQÂö#$,
Ano�q¨T©*ªk"N2MN\]JK2
(u4, c3) PairHx§ijD Paths2|}<u4 à c1à 
u2 à c3>,<u4 à QÂ à c1 à u2 à c3>m=÷
<u4 à c1 à u2 à c3>%�2U÷��% u49 u2
âBCN c12a u2sBCN c32JK&Q c3D
u4=AÝÃ Collaborative-base D&Q= 
K�2AB PathsD¦p|} 3,4,5,6m2

S��«¦23B��÷¦p¬¦% 6 I<�2
÷­�±®­=Path ¦pL¯Ã 62i$��å
  Padding �p°$2ÖKº±?§ Path D¦p
)²2÷³Ãs´±®= 

3.3 ^_&Q«¬ 

3B�D&Q«¬÷ Wang m5�-�
Knowledge-aware Path Recurrent Network ( KPRN )
&Q«¬%"µ[11]2-� mKPRN«¬ (Ö£ 2)=
9 KPRN«¬¬Üij�ÇAÃ mKPRNT?§
PathhN LSTM¶�D¬s 1® Hidden Layer2



 

 

 

A<m Fully Connected Layers�W2_·£ User
BCOP:D#¯°±z{(|}noPp,��
q@r )D Embedding ìí2¸¹% Fully 
Connected LayersDºm2÷T#¯°±z{ìí
»m<�«¬^_= 

mKPRN «¬|} Entity Embedding Layer, 
LSTM Layer, Demographic Feature Embedding 
Layer, Fully Connected Later q Weighted Pooling 
Layer2�XÖ¼Á 

 
£ 2. 3B�-� mKPRN«¬ 

 
Entity Embedding Layer WX\]JKD?§
Path2U÷¥µ%÷ Entitiesq Relationships %}
½Dc¾2�Ö  𝑢4

!"
→ 𝑐1

!#
→ 𝑢2

!$
→ 𝑐421e 

𝑢4, 𝑐1,𝑢2q 𝑐4  ç entities2r1,r2 q r3 ç
relationships=a?® entity âH19¬  (Entity 
Type)2�Ö uÏ¥ user,cÏ¥ Course=·¿T
Entities , Entity types q Relationships < �
Embedding2 )�U÷À�êÁ Dimension Size 
D�­IÏ¥=EÃ Path U÷¥µî (Entity, 
Entity Type, Relationship)Dc21e Relationship
Ï¥9¼)® EntityD]�2�Ö (u4, user, r1) à 
(c1,course,r2) à (u2,user,r3) à (c4,course,<end>)=
T  Entity , Entity Type q  Relationship D 
Embedding  ¥µp·A)Â (Entity, Entity Type, 
Relationship)î% Triplet Embedding= 
LSTM Layer ·¿�  LSTM«¬2TWX Path 
(Entity, Entity Type, Relationship) Triplet Embedding 
Ã%ºmìí (Ö£ 3)2�E«¬D¦§©ªÄ
621¬s)8D Hidden Layer (ℎ%) UÅ% Path 
Embeddingìí= 
 

 
£ 3. MNLSTM¶�\]ÆmìíµÇ£ 

 

Demographic Feature Embedding T User BC 
Course :D#¯°±ìí2|}noPp,��
q@r2<� Embedding sÈ·¸)Â2¹%1
Demographic Feature Embedding ìí2�Pj 
Entity Embedding Layer= 
Fully Connected LayerT Path Embedding ìí·
£ Demographic Feature Embedding ìís2¸¹
% Fully Connected Layer Dºm= 
Weighted Pooling Layer EÃ ( User, Course ) Pair
fHx§E User�ò CourseD Paths (ÖpÉ(1))2
¾?§ PathhN«¬±®sfÊòA§ Path D�
G2JKj) (User, Course) PairfHËx�G (Ö
pÉ(2))278hNÌÍ�®2Ì6±®�A® 
( User, Course ) Pair DÎÏl»�G𝑦)(',))(ÖpÉ
(3),(4))=3B�(w Wang m5�D Weighted 
Pooling �P[11] 21e𝛾 Ð(G ( Hyperparameter ) 
ÑfÒGÓÔ2Ê÷T�G½D Path ÕÖ«½D
ÓÔ=mKPRN«¬Dºmç User-Course �¥e
D\]21º�åçA® User-Course�¥Dl»
�G2�G×½Ï¥AwUserBCA¦CourseD
l»×Ü=K�2mKPRN «¬iØwx?§\
]D�G�2\]G×x2Ï¥�òDlf×½= 

𝑃(',)	) = {𝑝", 𝑝#, ⋯ , 𝑝,}   (1) 
𝑆(',)) = {𝑠", 𝑠#, ⋯ , 𝑠,}   (2) 
𝑔(𝑠", 𝑠#, ⋯ , 𝑠,) = log	[∑ exp	(-!

.
),

/0" ]  (3) 
𝑦)(',)) = 	𝜎(𝑔(𝑠", 𝑠#, ⋯ , 𝑠,))   (4) 

3.4 ¶�&QOP 

3B�-�D mKPRN «¬^_Ùîs2MN 
User A!"#$BCz{OP£D�l��2U
÷ñò User�òij CoursesD\]2Ö¢�ò
¤¦CourseD\]~A2ÚU±®UserBCA¦
CourseDl»�G=TBC Coursel»�GÀ½
qòÛ2�KÚU&Q top-K DOP=¸MN�
Üij\]D�Gq!"#$BCz{OP££
Dij¡¢2ÚU��'°&QOPD[Ç2Ý
î1U���= 

4. :;<= 

4.1  ìío 

3B�÷�*Ä#Å�*ÆÇ!"#1ÈÉ5Ä 
(÷¼Þß#15Ä) 2001à 2019@!"#$BC
ìí2|} 141,235w!"#$,913¦BCOP
q 730,681 áBCÿ!=w­#15Ä�÷@p
^_±âDã^¬ä23B�TOPBCÿ!d
e@p�î^_ìíqÏåìíÁ 
(1) ^_ìí : 2001~2018 @  (137,501 Users,

695,004 Interactions) 
(2) Ïåìí : 2019 @  (20,893 Users, 33,427 

Interactions) 



 

 

 

4.2 ²³æç 

Build CPC Graph 3B�5è�!"#$BCz
{OP£ CPC Graph � Entities q Edges G­Ö¥ 
121eOP"3ìí*9|}OP9�,]¿
À ,BC�ém2a5$"3ìí*9|}ê
m,4m,ûël],eì�Y�,ûë�æû
ë,#Å�æ#Å#$m= 

CPC Graph G­ 
Entities 143,123 
• Courses 913 
• Users 141,235 
• !"#$%&'( 772 

• )*#$%&'( 113 

• +,-. 90 

 Edges 3,821,764 

¥ 1. CPC Graph²íqî�G­)ï¥ 

\]JK÷�lðñ�p2��E Training Data ð
K 9,803 òUsers  (óÁ���lðKs¥ô2õU
Ôö2²÷ 9,803 ò)äE Testing Data �lðK 500 
ò Users <�\]JK (Path Extraction)2÷ Depth-
First-Search�PA CPC Graph£<� Random Walk2
Path Length øÃ 3 à 6 E=3B�÷ Negative 
Interactive Sampling��<�«¬^_qùú=«¬
^_DKñç 1¦HBCDOP (1 Positive)2ûü 4
¦ Path U÷�ò>ùHBCDOP (4 Negatives)2
÷ýþ Negatives Nxÿîìí Imbalance=A«¬
ùú:2÷ðñD UserA 2019@HBCDOP2
!)9 2019@ PathU÷�DOP ( > 100 Negatives ) 
<�«¬ùú= 

^_ mKPRN «¬  3B�"  PyTorch D
Embedding, LSTMq Linear�P21e Entity,
Entity TypeqRelationshipDEmbedding Dimension
��^% 64, 32 q 322 Concatenate sD
Dimension % 128=# noPp,��q@r�
Embedding Dimension ��^% 3, 1 q 62
Concatenate sD Dimension % 10=?® Input 
(Entity, Entity Type, Relationship) ºm LSTMs2
¶� Hidden Layer 21 Dimension ̂ % 256=TA
Hidden Layer·£ Demographic Feature Embedding
ìí2¸È·�® Fully Connected Layers=$ 18 
(266, 256) "  ReLUÃ% Activation Function2$
28 (256, 2) ±® ScoreÛÃ% Pooling LayerDº
m=L2 Regularization Coefficient 0.0001=%&'
G (Loss Function)"  Negative Log Likelihood 
Loss2�Kël»×Ü·(Ã 1 :2å'GÍí
Û×·(Ã 02Ú)Ê%&'GKò¬¯Ûä%
&'GÖ!p(5)=5C*T+(Optimizer)" 
Adam*T+= 

 

𝐿 = −∑ 𝑙𝑜𝑔ŷ'/(',/)∈2" +∑ (1 − 𝑙𝑜𝑔ŷ'3)(',3)∈2#  (5)    

   
        

4.3 «¬ùú 

3B�÷,-�� (Matrix Factorization, MF)D&
QRS¹%Baseline2^_�IDmKPRN«¬ù
úd&QOPDl»�G2À½òÛqc2vA
Top-KDã.:ç/6&Q� User0Þ(�DB
COP2\]ùú�P12¼Á 
hit@K ÷ UserA 2019@HBCDOP2!)9
2019@ PathU÷�DOP ( > 100 Negatives ) <�
top-K &Qùú21 ≤ K ≤ 102Ö¢A¦OP��
A top-KD&QOP32ÚD 1�2�� 0�= 

ndcg@K K ñ � p j W 2 i j D ç  ndcg 
(Normalized Discounted Cumulative Gain) wxHy
NDOP2��A Top-K &QOPDw�= 
mAP@K T UserA CPC Graph�ÊòDOP4±
®1l»�G2�À½òÛqc2¸v Top-K D
&QOPe2User ç/H(�BC2÷±®1
mAP(mean Average Precision)=#� \j±®5
å±® mAR@K (mean Average Recall)2¸�E�
�±® mAF1@K (mean Average F1)= 

4.4 ²³¤¢ 

3B�-��&Q«¬ mKPRN2A6ê
Learning Rate 0.002,ij Batch Size (32, 64, 128, 
256) §7¼21 Training Loss 489ÊË: (Ö£ 
4)=AÙî$ 2® Epoch^_:Ú;ò 8.5E-05÷
¼=%V³<#¯°±ìí�&QX¢D~�2
3B�·¿²³r�i[#¯°±ìíD&Q«
¬ mKPRN- 2È�1^_%&Ûø�¿ EpochG
D=�a¼;2>?½Ã 0.18= 

 

 
£  4. ij mKPRN ^_«¬Aij  Epoch D
Training Loss@A£ 

 
¸BÅ Validation Loss D¥�23B�-�

�&Q«¬ mKPRN2A6ê Learning Rate 0.002,
ij Batch Size21³<%&ÛøC�¿^_ 
EpochGD=�aD´¼;2`a4ÛÃ 0.056=
%V³<#¯°±ìí�&QX¢D~�=3B
�·¿²³i[#¯°±ìíD&Q«¬ 

0

0.001

0.002
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0.004

0.005

0.006

1 2 3 4 5 6 7 8 9 10

lo
ss

epoch

model_ega_e10_b32
model_ega_e10_b64
model_ega_e10_b128
model_ega_e10_b256

𝑂4 = {(𝑢, 𝑖)|𝑦'/ = 1}	
𝑂5 = J(𝑢, 𝑗)|𝑦'3 = 0M	



 

 

 

mKPRN- 21³<%&ÛUC�¿^_ Epoch G
D=�aD´¼;2¾4½Ã 0.25= 

«¬ùú 

hit 3B� hit@KDùú�÷ UserA 2019@HB
CDOP2!)9 2019@ PathU÷�DOP ( > 
100 Negatives ) <� top-K&Qùú21 ≤ K ≤ 102
�ËA¦HyNDOP��A top-K D&QOP
32ÚD 1 �2�� 0 �=3B�-��&Q«
¬ mKPRN2A K = 1: hit@KE 0.762À K = 5
FG21ÛÚUÝ 12\�ÃÃ% Baseline D
Matrix Factorization21 hit@K åi$ 0.323B
�-��&Q«¬ mKPRN 2´*Ã Baseline=%
V³<#¯°±ìí�&QX¢D~�23B�
·¿²³r�iwx#¯°±ìíD&Q«¬ 
mKPRN- 2A K ≤ 9:�½Ã Baseline D Matrix 
Factorization2ØAK = 10:2�H Batch Size 128
q 256 D«¬�ÛÃ Matrix Factorization=H÷
Batch Size 32^_�ID mKPRNq mKPRN- «
¬%�219,-��� Baseline2A hit@K D
ùú¥�r�£Ö£ 5= 

 
£ 5. mKPRN,mKPRN- qMF� hit@Kùúr�
£ (÷ Batch Size 32%�) 

ndcg A ndcg@k ��23B�jñ÷ UserA 2019
@HBCDOP2!)9 2019@ PathU÷�DO
P ( > 100 Negatives ) <� top-K&Qùú21 ≤ K 
≤ 102ijDçËwxHyNDOP2��A 
top-K &QOPDw�=3B�-��&Q«¬  
mKPRN A K = 1: ndcg@K E 0.762À K = 4F
G21ÛÚUÝ 0.92\�ÃÃ%  Baseline D
Matrix Factorization21 ndcg@Kåi$ 0.13=3
B�-��&Q«¬ mKPRN 2´*Ã Baseline=
%V³<#¯°±ìí�&QX¢D~�23B
�·¿²³r�ùH#¯°±ìíD&Q«¬ 
( mKPRN- )21 ndcg@k 4�½Ã Matrix 
Factorization2>?ÛÃmKPRN =H÷Batch Size 
32^_�ID mKPRNq mKPRN- «¬%�21
9Matrix Factorization� Baseline2A ndcg@KD
ùú¥�r�£Ö£ 6= 

 
£ 6. mKPRN,mKPRN- qMF� ndcg@K ùúr
�£ (÷ Batch Size 32%�) 

mAP3B�T 2019@ UserA CPC GraphU÷�
DòDOP2³ ^_�ID mKPRN «¬ 
(Epoch = 10, Batch Size = 128, Learning Rate = 0.002) 
±®BCOPl»�G2�À½òÛqc2¸v
Top-K D&QOPe2User ç/H0Þ(�BC2
±®1 mAP@=�� \j±®5å±®
mAR@K2�E��±® mAF1@K=3B�-�
�&Q«¬ mKPRN2mAR@K A K=1 :H½Ý
Ã 0.78D¥� (Ö£ 7)=�¿ KÛuÜ mAR@K 
!I¼;2AçJ%!"#$?@I#15ÄB
C2÷ 1à 2¦OP%û2JK KÛuÜ:2�
J (KÛ) uÜj:2�É (BCOPG) =KHI
¸²=mAR@K å�¿ KÛuÜa£.2> KÛ
ÜÃ 3÷s=KHI=mAF1@KøÃ���E2
Õ�¿ KÛ=�a¼;= 

 
£  7. mKPRN «¬A mAP@K, mAR@K q 
mAF1@K Dùú¥�@A£ (÷Batch Size 128%�) 

&QOPU��� 3B�-� mKPRN«¬�÷
CPC Graph £D\]JKÃ%«¬Dºm2MN
Path D�Ü2HWÃ��'°%×&QA¦OP=
H÷ÏL u036777�Query User%�2mKPRN &
QDOPçÏL 1009058�õ½MiNGOö(Ö
£ 8)21 2019@�!"z{%Ano�k",Þ
Â$ 114m,ûë,æ#Å#$,�A�*Äk
"N,gÂQÂêm2#¯°±z{%PQáà,
R�q@r 47Sm=MNA CPC Graph\]JK2
U÷ñò (u036777, 1009058) Pair E~Hij Path2
T�12Ö¼Á 

0
0.2
0.4
0.6
0.8
1

1.2
1.4

1 2 3 4 5 6 7 8 9 10

hi
t@

k

k

model_ega_e10_b32 (mKPRN)
model_none_e10_b32 (mKPRN-)
MF

0

0.2

0.4

0.6

0.8

1

1 2 3 4 5 6 7 8 9 10

nd
cg
@
k

k

model_ega_e10_b32 (mKPRN)

model_none_e10_b32 (mKPRN-)

MF

0

0.2

0.4

0.6

0.8

1

1 2 3 4 5 6 7 8 9 10

sc
or
e

k

mAP@K mAR@K mAF1@K



 

 

 

l 9 Query User jñ�Aõ�*Äök"D
u1343362BCNõU×ë�ö2õU×ë
�öA#15Ä�9ÝÃõiN1ÈÉöO

P2õiN1ÈÉöOPZHõ½MiNG
Oö2JK'°&QA¦OD Query User= 

l Query User çõ$ 114mö2õ$ 114mö
Dj��BCõVlÇ�ö2õVlÇ�ö
A#15Ä�9ÝÃõiN1ÈÉöOP2
õiN1ÈÉöOPZHõ½MiNGOö2
JK'°&QA¦OD Query User= 

E3�U¡2&Q«¬ ( mKPRN ) U÷W¥w­
Query UserDk"l] ( no�,�*Ä ),4m 
( $ 114m )m!"z{ìí2÷qOP¡¢£D
ì+ ( #15Ä�9,%&5C�9,]¿À 
m )2�£1PQáà,R�q@r 47 SmJ½2
<a&Qõ½MiNGOö= 

 
£ 8. ÷ CPC£BÅ&QOPD���ã� 

5. >3?@A67 
3B�MN!"#$BCÿ!,!"z{ì

íqOP"3ìí2-� mKPRN «¬2T!"
#$BCz{OP£ CPC Graph29yÞ LSTM
º���h��¤¥2U6T!"#$Gb@D
!"z{q#¯°±z{»mw­�2�MN\
]�Ü2��OP&QDU���=3B�-�
� mKPRN «¬ùú¤¢2|} hit@K,ndcg@K 
q mAP@Km2âHË�D¥�= 
¸r�ùH#¯°±ìíD&Q«¬ 

mKPRN- 21 hit@Kq ndcg@Km¥�øÜx�
½Ã Baseline2>?XÛÃ3B�-�� mKPRN 
«¬2´Y#¯°±ìíZ[ÔË\]= 
^Ã3B�-�� mKPRN «¬U÷w­!
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