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FFICADHT, REEFEH BN B R SR RARSAE B AT FR & 7 A A U AY
L. BEA, IR 7 I B A G SCA S A B SR XA AT A0 2, 3 LAV R A

® Huang T, Li X. An empirical study of finding similar exercises [DB/OL]. (2021 - 11 - 16) [2023 - 10 -
15]. https://arxiv.org/pdf/2111.08322.pdf.
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AHBE BRI RS E TR TR, 83 SRERME SRS TR IE
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=, HXIIE
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® Tong W, Tong S, Hunag W, et al. Exploiting knowledge hierarchy for finding similar exercises in online
education systems [C]//2020 IEEE International Conference on Data Mining (ICDM). IEEE, 2020:1298 - 1303.

® LiuQ, Huang Z, Huang Z, et al. Finding similar exercises in online education systems [C]. Proceedings
of the 24th ACM SIGKDD International Conference on Knowledge Discovery & Data Mining, 2018:1821 - 1830.
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CNN SR REXT EHR R BAE 55 » HAE B R AT LI 3803 ) R R BR B 327 . Radford 5 A9
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(B % AR RAL 1 S B J7 T MBS AR R4 >, B0 SR vk ] 78 43 8 5 1A
MAFESER. SESEAEELE K7 E8E SO BMRZ R 2 55, B
BB PAR A, 2P ANOR MU IR R 0 UL 4 B3R BURE A 5| 5 A3k
R - RAE AR A5 | R SCARARAE T TR SIS AT R LR, S — B R T %

® CaoY, Long M, Wang J, et al. Deep visual-semantichashing for cross-modal retrieval [C]. Proceedings
of the 22nd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, 2016:1445 - 1454.

® MalL, LuZ, Li H. Learning to answer questions from image using convolutional neural network [C].
Proceedings of the AAAI Conference on Artificial Intelligence, 2016, 30(1).

® Radford A, Kim J W, Hallacy C, et al. Learning transferable visual models from natural language
supervision [C]//International Conference on Machine Learning. PMLR, 2021:8748 - 8763.

@ Baltruaitis T, Ahuja C, Morency L P. Multimodal machine learning: A survey and taxonomy [J]. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 2018,41(2):423 - 443.

© R, R BT, BT 2SS S B AR R A R IR L] 3UE B SR 2023, 37(7):
143 - 151.
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AR B R R B PRI B K AL F I, B FRE N A &L, HEm
BAAUEIARTZARLUE Jaccard FRUESE, XA T —EBE LB T XAHBEXER,F
REERNE. BRI ERA RS W AT EE, MR EHEAOE A IRE RS
% Lucene, R ABHERFIH T ZRE L RT |, NS0 B #TEER, RRXTERA
BRI AL » (B IOk TR A SR B, FF R T RS R E B RE AR RTI K
BEFHR, REREAE, EREASCFRENEXEER. SO EE A Simhash 55317
BRI, BT DOSDRLBE s R SR R TR TR AY , 2 O4R ) ZRHEAE Simhash
B, EREE RN AR, W EA DRIV RA TR RS BRI RAE
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@® Mu J, Zhang X, Du Y, et al. BCRNet: bidirectional contrastive representation network for deep
multimodal learning of exercise representations in online education systems [J]. Neurocomputing, 2023:126409.

® Hunt J W, Macllroy M D. An algorithm for differential file comparison [M]. Murray Hill: Bell
Laboratories, 1976.

@ REH,FRAET Lucene HIXBARERABIT S EHIHEREAR S B L,2016(5):32 - 35.

© ZFFLHEE, R F XRE T AWM % A A BRIRHI 5 R OVOL LB A:1 - 13[2023 -
10 - 15 http://kns.cnki.net/kcms/detail/51.1307.TP.20230516.1311.008 html.

® Yang S K, Chou C. A hybrid methodology of effective text-similarity evaluation [C]//New trends in
computer technologies and applications: 23rd International Computer Symposium, ICS 2018, December 20 — 22,
2018, Revised Selected Papers 23. Springer Singapore, 2019:227 - 237.
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B UL ST R B 23 R 0B )45 6L S 4 4 - B2 TR ¥ SCSR TR B 4 BE AR DL 4 3 B
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i Bl 2018(3):38 - 42.

® Wang X, Huang W, Liu Q, et al. Fine-grained similarity measurement between educational videos and
exercises [C]. Proceedings of the 28th ACM International Conference on Multimedia, 2020:331 - 339.
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KPR .Sun Y, Wang S, Li Y, et al, ERNIE 2.0: a continual pre-traitiing framework for language understanding [C]. Proceedings
of the AAAI Conference on Artificial Intelligence, 2020, 34(5):8968 — 8975.

® SunY, Wang S, Li Y, et al. ERNIE 2.0: a continual pre-training framework for language understanding
[C]. Proceedings of the AAAI conference on artificial intelligence, 2020, 34(5):8968 — 8975,

® SunY, Wang 8, Li Y, et al. ERNIE: enhanced representation through knowledge integration [ DB/OL.].
(2029 - 04 - 19)[2023 - 10 - 15]. https://www.xueshufan.com/publication/2938830017.
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@ Peng$S, Yuan K, Gao L, et al. MathBERT: a pre-trained model for mathematical formula understanding
[DB/OL]. (2021 - 05 - 02)[2023 - 10 - 15]. https:/arxiv.org/abs/2105.00377v1.
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® HuX, Zhang L, Liu J, et al. GPTR: gestalt-perception transformer for diagram object detection [C],
Proceedings of the AAAT Conference on Artificial Intelligence, 2023.
® Koffka K. Principles of gestalt psychology [M], London: Routledge, 2013.
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@ Hu X, Zhang L, Liu J, et al. GPTR: gestalt-perception transformer for diagram object detection [C],
Proceedings of the AAAI Conference on Artificial Intelligence, 2023.
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® LiuQ, Huang Z, Huang Z, et al. Finding similar exercises in online education systems [C]. Proceedings
of the 24th ACM SIGKDD International Conference on Knowledge Discovery & Data Mining, 2018:1821 - 1830.
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® WangJ, YiX, GuoR, etal. Milvus: A purpose-built vector data management system [ CJ. Proceedings of
the 2021 International Conference, 2011.
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A Study on the Detection of Test Item Similarities Based

on Multimodal Representation and Fusion

Lei SHI Yuzhe WAN Rui LI Lingling ZHANG Minnan LUO Huan LIU

Abstract: With the rapid development of information technology and artificial intelligence,
a vast number of online test items have been created. Similarity detection of test items has become
a crucial component of the digitalization of educational assessments, ensuring the security of test
item development and the fairness of examination. Test item similarity detection technology is one
of the core tasks for implementing test item similarity detection. The evolving nature of test item
generation technology has resulted in test items of typical multimodal characteristics,
encompassing various modalities such as the question stem, formulas, diagrams and notions.
However, most existing research on test items similarity detection overlooks the multimodal
characteristics of test items. In addition, existing methods directly apply traditional text and visual
analysis techniques to process formulas, diagrams, and notions, leading to difficulties in
accurately representing test items. In view of this, this paper proposes a framework for test item
similarity detection based on the fusion of multimodal representations, coupled with vector
database technology, to achieve efficient similarity detection. Firstly, in addressing the unique
attributes of formulas, diagrams, and notions in test items, this paper introduces techniques
including formula core extraction, diagram comprehension, and hierarchical notion prediction.
These methods, integrated with an attention mechanism, enable the amalgamation of multimodal
information, thereby ensuring precise test item representation. Secondly, to meet the real-time

demands of extensive test item similarity detection, this paper utilizes a vector database for
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storing and retrieving test item vector representations, thereby achieving efficient similarity
detection.
Keywords: similarity detection; diagram understanding; notion prediction; multimodal

fusion
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