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Knowledge Graph Retrieval-Augmented Generation for Conversational
Recommender Systems

WANG Benshuai, SHA Liwei, ZOU Li, HOU Tie
(School of Computer Science , Shandong Jianzhu University , Ji'nan 250101, China)

Abstract: With the rapid development of the internet, people are in an era of information overload. Understanding users’ dynamic preferences
through conversational and providing personalized recommendations is of great significance. To address the issues of specific knowledge scarci-
ty and hallucination in conversational recommendation systems using large language models (LLM ), this study proposes an innovative method
based on Knowledge Graph Retrieval-Augmented Generation. The core of this method lies in transforming knowledge graphs into natural lan-
guage documents and dynamically retrieving relevant knowledge based on user—system dialogues, which is then integrated into predefined tem-
plates to generate accurate recommendations. This approach effectively aligns the semantic spaces of knowledge graphs and LLM and enriches
LLM with extensive domain knowledge, thereby significantly mitigating hallucination issues. Furthermore, by seamlessly incorporating recom-
mendation results into LLM, the method achieves coordinated responses between the dialogue module and the recommendation module. Experi-
mental results demonstrate that the proposed method outperforms existing approaches in terms of recommendation accuracy and dialogue re-
sponse quality on two public datasets. Ablation studies further validate the effectiveness of each component in the method.
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Table 1 An illustrative example of a conversation on movie recommendation between a user and the system

R1 —ANXRTRIEENARSREIEHRG

it KGN 2
User: Hey! T'mlooking for movie like The Sixth Sense , can you help?

System How about The Happening 7 Or have you seen Shutter Island ?
User: Yes I loved Shutter Island but haven't seen The Happening.

System Along the lines of The Happening , there is also Signs directed by M. Night Shyamalan.
User: Oh good point I did love Signs (2008 ). Thank you! Bye!

System: Bye!
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Fig. 1 The overall architecture of KRCRS
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Fig.2 Templates for generating natural language from knowledge
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nstruction:

Here's a conversation about movies between user and recommender system. Pretend you're the
recommender systemand I’ 1l also give some related knowledge about conversation,please
recommend a movie to user accoring to these information.

Conversation:
{H - RGo0E

Related Knowledge:
R T AR DGR}

Fig.3 Prompt template for augmented recommendation
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nstruction:

Here's a conversation about movies between user and a movie recommender system. Pretend
you’ re amovie recommender system and I'll also give a movie you will recommend to user,
Please generate an approariate response.

Conversation:

LA -RGEX I 7 S}

Fig.4 Prompt template for response generation
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Table 2 The stastics of datasets
*k2 HIEEHZI

Datasets #Dialogs #Utterance #ltems
INSPIRED 1001 35811 1783
ReDial 10 006 182 150 51699

32 XfHEsRI

TEA SCKRCRS HY , A R FOME A 4155, b 11
PR LB A M, X b5 AL AL S CRS U7 s, i AL 45 1%
B MAFERE T VR RS T 1

(1) Popularity 1% 77353 B 822 HR 54 D7 s 7, 4R
Pa 5 B A HAEAT HER , TSR AR N 1 7

(2) TextCNN! 32 123 5 F 45 BBl 28 I 45 AL, 3
1k MO B SCHr B IBOH PR AE T I H #EA T HERY -

(3) Transformer' ' . ZAR Il I — AN 75 J2 14 1) 2 ) 2
— iR A S A A B T

(4)LLaMA2-7b %7 & — A~ #37.#F Transformer 22
F b A B it B FF R LLM, 76 FF U LLM U= 5

(5)GPT-3.5-turbo'® . 1ZA AL i OpenAl FF % 1) 4]
U5 LLM, #1580 K R FEA 2= S e )  AE & 5T 55 R B
LSRR

(6)ReDial ' %ML & — >3 T HRED 93 5
A BRI — AN T [ Sh S i i e A e 2o

(7)KBRD''', % J5 % H FH DBpedia ABE 55 | F SCHY
YRR . B T —JE T Transformer (4% 15 Az piAR
Pe OFAEAE O R P 45 A T R EUE B DA [T A2

(8)KGSF'' | % )7 454 T DBpedia Fl Conceptnet,



- 138 - L QRO |

2026 4

O T I E R Y SRR IR AR B AR R A LIRS
FEA I A1 a3 )7
3.3 HEAE

R SCARE P — 8 1) AR 1 14 2 LA 8 s LA S E 327
ERTERE . X THERAAE 55 , A SCfEJH Recall@K (K=1, 10,
50)/F R WA i b, 2o FE 1 H BRI H 2 1540 & e AR
T AT KAIH s X XA 55, A SO Distinet-n
(n=2,3, ) VER TP FE AR , B 3T 5 N-Gram 5 45 il SCA
N=Gram & Z0 (1) b %, Ho o N=Gram 4§ SCAS i 2209 n
AN
3.4 EFRERITM

TEAREAAAE 55 b Y SR 45 R AN 56 3 B, m] A4S 2]
IR 2538 : QR G A T 5T, Text CNN 3l 5 [ F 3¢
WA NHEE R AL Z A5 B R, R T Popurlarity,
DNTTARAT B o Ao A 122 s OCRS k7 5 2 o 0 2 ) 0 £
FAL G I By CRS 3l 5 ) P ifEA 728 B, B RE 3
fife FH P 1% B S R R s B FE CRS A58 b KBRD 3 i 45 I 41
FRAIEE LS 58 P R BE 110 KGSF A& ISR R
F14 [ o 388 o A R R A LA iR SR R AR T R4S
R @A SCKRCRS 53 00 F A7 (% Lo 9286 3% . 75
TEFHM T LLM #9 B f# RE )1, Jf il i 4 KG ekl A
SRUE X 55 1R LLM (193 SC28 [ F S (AR, 2 1
L) we V)
Table 3 Comparison results of different methods on the recommenda-

tion task
R3 AEAFEEERFES LSRR
Redial INSPIRED
Recall@ Recall@ Recall@ Recall@
Recall@1
10 50 10 50
Popurlarity 0.012 0.061 0.179 0.032 0.155 0.323

TextCNN'2 0.013 0.068 0.191 0.047 0.161 0.327

Methods
Recall@1

Redial®! 0.024  0.140 0320  0.030  0.117  0.285
KBRD!' 0.031 0.150 0336  0.058  0.172  0.265
KGSF!? 0.038  0.183 0378  0.064  0.175 0.273

OUR KRCRS 0.044 0.205 0.421 0.078 0.198 0.291
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Table 4 Comparison of different methods on the conversation task

R4 AEFEEMEESZ EERIEE

Redial INSPIRED
Methods Dinstinct=Dinstinct=Dinstinet—Dinstinet—Dinstinct—Dinstinet—
2 3 4 2 3 4
Transformers >’
0.148 0.151 0.137 1.02 2.248 3.582

LLaMA2-7h!2)
1452 2218 4376 4669 6832  8.115

GPT-3.5-tur-
hol2t 1.702 3.201 4.576 5.331 7.019 8.936
)0
0.225 0.236 0.228 1.347 1.521 3.445
Redial'®!
0.263 0.368 0.423 1.369 2.259 3.592
KBRD‘ 10]
0.330 0.417 0.521 1.608 2.719 4.929
KGSF'®)

OUR KRCRS 1.835 3.368 4.902 5.417 7.226 9.259
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Table 5 Abalation study on the recommendation task
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Redial INSPIRED
Methods Recall@ Recall@ Recall@ Recall@
Recall@1 Recall@1
10 50 10 50

KRCRS w/o K 0.033 0.165 0.377 0.060 0.169 0.266
KRCRSw/o T 0.041 0.193 0.410 0.074 0.188 0.284
Our KRCRS 0.044 0.205 0.421 0.078 0.198 0.291

T RSEERT DA LI TS8O 45K R 8
B RE bR 5 , 517 HE 1 2 4 Recall@1 , Recall@10 il Re-
call@50 b #-A KR T B, i3 2 BIALAUROmE LLM 1) A= i
TEANE | R R IR 5 TT LA LM SR T 22 1) = Sk 4
@ KG UYL A B RS B , 447 HEAf R 7E Recall@1
Recall@10 F Recall@50 [ #3847 JIr T K&, i 2 B AL 5 1)
KG SCRY A By LLM B AT

4 HiE

ARSCHEH T —Fh KRCRS (1905 % , 3 1 %36 o s 44 6
F IR KG, I8 KG #4k J9 KG SCRY , 78 AT 1 I 46 2 AH
AR T 1G58 LLM, 3 — 20 1 47 o i, JF A
LLM 58 K924 sRE 1, 28 Bt L A (s B Il 52 . 5
55 25 R, AR CKRCRS FEHE AR AT 55 A6 AT 45 46 2
A RAPERE. Kok, WM A ZRSCRS, B EEE
N 25, SEBEBORS B A R 45 2 OF O L P 3R L TR 2 4L
I F BRI



57 M AR VPSR AR RS R G0 R R R R R B SR AR A < 139
%%iﬁﬁ : and-answer service[ J]. Software Guide,2024,23(12) :143-149.

R, XESR, K. RBZHEREETEE 5 R B#E P SRS T
[1] HE X, LIAO L, ZHANG H, et al. Neural collaborative filtering [ C ]//Pro-

[3]

[5]

[7]

[8]

[10]

[11]

[12]

[13]

ceedings of the 26th International Conference on World Wide Web,2017:
173-182.
CHRISTAKOPOULOU K, RADLINSKI F, HOFMANN K. Towards conver-
sational recommender syslems[C]//Proceedings of the 22nd ACM SIGKDD
International Conference on Knowledge Discovery and Data Mining, 2016:
815-824.
LIY,LI Z,ZHANG K, et al. ChatDoctor: a medical chat model fine—tuned
on a large language model Meta—AI(LLaMA ) using medical domain knowl-
edge[]]. Cureus,2023,15(6) : e40895.
YIN H,WU Z H,LIU T T, et al. Mixture of expert large language model for
legal case element recognition [J]. Journal of Frontiers of Computer Sci-
ence and Technology,2024,18(12) :3260-3271.
Frie AR M F L R R R AR R F R RARA)]. it
FAA 54R % ,2024,18(12) : 3260-3271.
BAO K,ZHANG J,ZHANG Y, et al. TALLRec: an effective and efficient
tuning framework to align large language model with recommendation[ C ]/
Proceedings of the 17th ACM Conference on Recommender Systems, 2023 :
1007-1014.
HE Z,XIE Z,JHA R, et al. Large language models as zero—shot conversa-
tional recommenders[C]//Proceedings of the 32nd ACM International Con-
ference on Information and Knowledge Management, 2023 :720-730.
LEWIS P,PEREZ E,PIKTUS A, et al. Retrieval-augmented generation for
knowledge—intensive NLP tasks [J]. Advances in Neural Information Pro-
cessing Systems, 2020, 33:9459-9474.
LEI W, HE X, MIAO Y, et al. Estimation—action—reflection: towards deep
interaction between conversational and recommender systems [ C ]/Proceed-
ings of the 13th International Conference on Web Search and Data Mining,
2020:304-312.
LI R,EBRAHIMI K S,SCHULZ H, et al. Towards deep conversational rec-
ommendations[ DB/OL]. https: //arxiv. org/abs/1812. 07617.
CHEN Q,LIN J,ZHANG Y, et al. Towards knowledge-based recommend-
er dialog system[ DB/OL]. https : //arxiv. org/abs/1908. 05391.
ZHOU Y,ZHOU K,ZHAO W X, et al. C2-CRS: coarse—to—fine contras-
tive learning for conversational recommender system [CJ//Pmceedings of
the 15th ACM International Conference on Web Search and Data Mining,
2022:1488-1496.
WANG X,ZHOU K, WEN J, et al. Towards unified conversational recom-
mender systems via knowledge—enhanced prompt learning [ C ]//Proceed-
ings of the 28th ACM SIGKDD Conference on Knowledge Discovery and
Data Mining,2022:1929-1937.
ZHANG Z W, WU Z X, ZHANG W. Intelligent practice exploration of

large language model in medical emergency knowledge graph question—

[17]

[21]

[22]

AR R R ERAR R [T #AF5-7),2024,23(12) : 143-149.
HUANG W, LI Z J. Recommendation systems: a comparative study of tra-
ditional models and pre-trained model approaches [J]. Software Guide,
2025,24(2):204-210.
FL,FRT. AKX S RETHEA TG AL R[]]. &
#E371,2025,24(2) : 204-210.
GAO Y,SHENG T, XIANG Y, et al. Chat—-REC: towards interactive and
explainable LLMs—augmented recommender system [ DB/OL]. https://arx-
iv. org/abs/2303. 14524.
HUA W, XU S, GE Y, et al. How to index item ids for recommendation
foundation models[C]//Proceedings of the Annual International ACM SI-
GIR Conference on Research and Development in Information Retrieval
in the Asia Pacific Region,2023:195-204.
BIZER C, LEHMANN J, KOBILAROV G, et al. DBpedia—a crystalliza-
tion point for the web of data[J]. Journal of Web Semantics, 2009, 7:
154-165.
LIU Y, OTT M, GOYAL N, et al. RoBERTa: a robustly optimized BERT
pretraining approach[ DB/OL]. https ://arxiv. org/abs/2303. 14524.
DOUZE M, GUZHVA A, DENG C, et al. The faiss library [ DB/OL].
https : //arxiv. org/abs/2303. 14524.
TOUVRON H, MARTIN L, STONE K, et al. LLaMA 2: open foundation
and fine—tuned chat models[ DB/OL]. https : //arxiv. org/abs/2303. 14524.
HAYATI S A, KANG D,ZHU Q, et al. Inspired: toward sociable recom-
mendation dialog systems[ DB/OL]. https : //arxiv. org/ahs/2303. 14524.
KIM Y. Convolutional neural networks for sentence classification [ C1//
Proceedings of the 2014 Conference on Empirical Methods in Natural
Language Processing(EMNLP),2014:1746-1751.
VASWANI A,SHAZEER N,PARMAR N, et al. Attention is all you need
[DB/OL]. https : //arxiv. org/abs/1706. 03762.
SCHULMAN J, ZOPH B, KIM C, et al. ChatGPT: optimizing language
models for dialogue[ DB/OL]. https://openai. com/blog/chatgpt.
ZHOU K, ZHAO W X, BIAN S, et al. Improving conversational recom-
mender systems via knowledge graph based semantic fusion[ C]//Proceed-
ings of the 26th ACM SIGKDD International Conference on Knowledge
Discovery & Data Mining,2020:1006-1014.
SERBAN 1 V,SORDONI A,LOWE R, et al. A hierarchical latent variable
encoder—decoder model for generating dialogues [C]//Proceedings of the
AAAI Conference on Artificial Intelligence ,2017:3295-3301.
SPEER R, CHIN J, HAVASI C. ConceptNet 5.5: an open multilingual
graph of general knowledge [ C]//Proceedings of the AAAI Conference on
Artificial Intelligence, 2017 :4444-4451.

(AR S 4 30 4F)



