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Survey of Multimodal Knowledge Graph Construction Technology and Its Application in Military
Field
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Abstract: With the rich types of data resources and the development of large language model technology, the multimodal
knowledge graph (MMKG) that can handle multi-source heterogeneous data has been widely concerned because of its
excellent data processing and management capabilities. Combined with the requirements and characteristics of the field,
this paper gives a general survey of the construction technology of multimodal knowledge graph and its application in mil-
itary field. Based on the relevant concepts of traditional text knowledge graph, this paper summarizes the basic concepts
and research status of multimodal knowledge graph, analyzes and summarizes the key technologies of multimodal knowl-
edge graph construction, which are multimodal information extraction, multimodal entity link and multimodal representation
learning, and the application of large language model technology in the process of multimodal knowledge graph construc-
tion, discusses the application scenarios of multimodal knowledge graph in military field. Finally, combined with the hot
topics of large language model and military requirements, the development prospect and military application of multimodal
knowledge graph construction technology are summarized.
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Fig.2 Multimodal knowledge graph construction framework
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Table 4 Image knowledge extraction methods based on deep learning
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Table 5 Image knowledge extraction methods
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Table 6 Pipeline technology of speech knowledge extraction
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Table 7 End-to-end joint methods of speech knowledge extraction
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B SEpR, XA R 515 BAE R U UIAH G ML T
MK S 3R B G Se A, e Se A it Fe v,
FIH 283 BRI G SRR E i

Hh S5 e SR AE AL SR A A ) 23 B ] — AN SR 2R
15 ] — SRR B oS 2 B AR AL B e K, A RIS 2R 2
I1) B A B AR DL BE B/ [] — SR 2R N ) S AR A B Ay
B SLREE . Cheng % NWHRH T — > B ELSHL R AR
7 IMMR (image-to-multi-modal-retrieval ) , i id 1% H i)
OCLCAR B4R R SHta R G 80 2 AN AR 2%
), R AR S FITR S TR, SEBLEAR % . Gulzar
LNV T — M A P2 25 E % (ordered clustering-
based algorithm, OCA) , TEHEHE R G PR R 2 0 5 4R
J R BT B XS B, I RO RS A
BN AR AR L ) R

CNN %% . Siamese M %% . Transforme £ CLIP
(contrastive language-image pre-training ) fEHIEER B~
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Table 8 Knowledge extraction method based on large model
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Table 9 Multimodal entity linking methods
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Table 10 Multimodal representation learning methods
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