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A Survey on Multimodal Information Fusion

Hu Yumei, Wang Xiaohua, Deng Bao, Zhao Yangyang, Zhao Yiyang
AVIC Xi’ an Aeronautics Computing Technique Research Institute ,Xi’ an 710065, China

Abstract: The rational and effective utilization of multi-source information will expand the spatial and temporal coverage of
measurements, fully excavate the target feature information contained in various sensors, greatly reduce the ambiguity of
information, and improve detection performance. Faced with multi-modal target data from different types, characteristics,
and perception methods, for example, in airborne multi-sensor target tracking systems , various types of sensors with differ-
ent working attributes such as visible light images, infrared images, optical sensors, microwave radar, and lidar are often
involved, presenting measurement information of the target from different perspectives. The point cloud information
obtained by lidar can not only achieve high-precision ranging but also provide more accurate spatial information due to dif-
ferent reflectivities of different objects. However, it is susceptible to noise generated by complex environments and lacks
semantic information. Compared to point cloud information, target image information provides rich surface textures and
contextual semantic information that can more accurately restore the appearance and structure of objects, but lacks depth
information. With the rapid development of sensor networks, information perception methods, and big data processing tech-
nologies, faced with information perception from different types, characteristics, and methods, as well as its characteris-

tics of multi-domain, multi-modal, ambiguity, and incomplete data association, multimodal information fusion technology
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has received increasing attention due to its advantages of human-like automatic perception and powerful comprehensive rea-
soning capabilities. The paper first introduces the significance and necessity of multi-modal information fusion. Further-
more, at the fusion architecture level, it outlines the evolution from early fusion, late fusion, to hybrid fusion, revealing
the trade-off relationship between information retention and computational efficiency in each architecture. At the same
time, it elaborates on three cutting-edge multi-modal fusion methods: attention-based interaction modeling, semantic align-
ment based on contrastive learning, and generative fusion with large language models as the carrier. Then, it introduces
typical multi-modal datasets such as the COCO dataset, LAION-400M dataset, Visual Genome dataset, MS COCO Cap-
tions dataset, Conceptual Captions dataset, Flickr30k dataset, and aviation-related datasets, as well as their corresponding
application fields. Moreover, it further explores the typical military applications of multimodal fusion, including battlefield
situation awareness, multi-source intelligence analysis, and unmanned system collaboration. In addition, it points out that
with the maturity of contrastive learning and multi-modal pre-training, high-quality single-modal representations are no lon-
ger a bottleneck. The research focus has shifted from how to map heterogeneous modalities to a unified space in the early
stage to how to design interaction mechanisms that can capture complex, dynamic, and even contradictory relationships
between modalities based on representation alignment. Based on fusion architecture, fusion models, and computational
costs, it proposes three development directions for multimodal information fusion. The choice of multimodal fusion architec-
ture directly impacts the degree of information retention, computational efficiency, and model interpretability. Based on
the stage at which information fusion occurs, existing methods can be categorized into early fusion, late fusion, hybrid
fusion. Early fusion, also known as data-level fusion, involves the integration of multi-source information prior to or at the
shallowest level of modality-specific feature extraction. This process preserves the richest original information and multi-
modal interaction details. Typical implementations include multimodal concatenation and multi-view encoding. Taking the
visual-language model as an example, early fusion concatenates image patch embeddings and text word embeddings into a
unified sequence, which is then fed into a joint encoder for processing. The advantage of this architecture lies in the ability
to establish multimodal associations at a shallow level, facilitating the capture of fine-grained modality interactions. How-
ever, early fusion faces a severe dimensionality catastrophe problem. When the number of modalities increases or the fea-
ture dimensions of each modality are too high, the joint representation space grows exponentially. At the same time, due to
the different noise characteristics of different modalities, the noise of some modalities may be amplified during early fusion,
resulting in poor representation quality. Late fusion adopts a diametrically opposite strategy: each modality independently
performs feature extraction and task prediction, with integration, weighted average, and meta-learner only at the final
decision-making layer. In this "divide and conquer" design, the modal branches can be trained in parallel, achieving high
computational efficiency; meanwhile, overfitting or noise in one modality is less likely to affect other modalities ; in addi-
tion, in scenarios where some modalities are missing, the remaining branches can still work normally, demonstrating strong
system robustness. However, late fusion may lead to higher consumption of computational resources as it requires training
independent models for each modality. At the same time, independent models for each modality struggle to capture low-
level interactions between them, making it difficult to model simple fusion at the decision-making level. Furthermore, data
from different modalities may face alignment issues in time or space, such as the synchronization of video frames and audio
signals. Hybrid fusion introduces cross-modal interaction in the middle layers of the network while maintaining modality-
specific processing paths, aiming to combine the strengths of both. lts typical application is to use modality-independent
encoders at the bottom layer, introduce a cross-attention module in the middle layer to achieve feature-level interaction,
and separate again at the top layer to preserve modality-specific information. A deeper evolutionary direction is dynamic
fusion, which allows the network to autonomously decide where and with what intensity to fuse information from various
modalities. For example, a gated mechanism-based visual image and LiDAR multimodal fusion network dynamically
adjusts the weights of information from each modality based on input data. Specifically, it places more trust in visual
images under strong lighting conditions, while giving higher weight to LIDAR point cloud information under low-light condi-
tions. The choice of fusion architecture does not have an "optimal solution", but rather depends on the function of task
characteristics and resource constraints. Generally speaking, when there are fine-grained, location-related interactions

between modalities (such as image-lext alignment) , early fusion is better; when each modality can complete predictions
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independently and some modalities are prone to missing, late fusion is more robust; dynamic fusion strikes a good balance
between performance and robustness. Looking back at the development of multimodal fusion, the bottleneck of fusion is
shifting from "representation" to "interaction". With the maturity of contrastive learning and multimodal pre-training, high-
quality single-modality representation is no longer a bottleneck. The research focus has shifted from how to map heteroge-
neous modalities into a unified space in the early stage to how to design interaction mechanisms that can capture complex,
dynamic, and even contradictory relationships between modalities on the basis of representation alignment. The-fusion
architecture is evolving from "static design" to "dynamic adaptation". In the real world, the correlation and reliability of
modalities change dynamically with the environment, and the limitations of fixed fusion strategies are becoming increas-
ingly evident. In military confrontations, electronic jamming may render specific sensors inoperative. Therefore, it is nec-
essary to dynamically adjust the activation state of modalities and fusion weights based on input content and task context to
enhance the robustness of the fusion system. The causal fusion-model holds promise for breaking through the current limita-
tions of relational learning. Most existing methods focus on learning statistical correlations between modalities , rather than
causal relationships. This leads to two issues: firstly, the model is prone to learning spurious correlations, and secondly, it
struggles to generalize to environments beyond the training distribution. Therefore, introducing causal inference tools can
enhance the fusion model’s adversarial robustness and environmental transferability. In addition, a new multimodal fusion
mechanism is designed. Redundant information from each modality may cause computational waste, and the corresponding
noise information may affect fusion performance. How to utilize information theory techniques to identify and retain comple-
mentary information while suppressing redundancy and noise is a new development direction for multimodal fusion technol-
ogy.

Key words: multimodal information fusion; multimodal large language model; attention mechanism; contrastive learning;

generative fusion
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%1 Table 2 Comparison of fusion architectures
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Fig. 1  The architecture of self-attention mechanism
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Fig. 2 The architecture of multi-head attention mechanism
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PG B 5 B TG N EIARNZ
() A SR A, R TS GG 1 L B % BB 40 I
(O S EE

IE2EF LLM ALLVM A BE ) BAME A T 2
A KB F BLAY (multi-large  language model
MLLM) (Radford 5§ , 2021) 3X — 4= Hr #ff 5% 40 4, ,
MLLM (124845 5 45 (5 B A R AR adot, H
PO AR D IDE B A AR RS R BRI T
R SEEGE— o, BRI BHPR” A R0 5 R R mT B fig
FRIE . [FIR, RKIE & BRI B RS R 5
Az BCAAR AL HEAT 1 L O A, I 30—~ S Y
Gy, AT 58 i BS AAS B 5 A k. AR SR MR A
[ B 75 Ml i Gemini-3-Pro . GPT-4V 25 fil [E N Qwen3-
VL.ERNIE-4. 5-VL &R T 4 N ER I Z 0 1 P RE
1 AR REPAT YN L b It AT 55, iR ResE i I
30 2T 58 R e SR B 1T 45 o Chen 45 A
(2024) $& H T —Fh XUZ R L B8 R 38 28R
RUTE T A0 3 o E A A i R Z T R A
BE AP AR B MERE . TR BRRE AR R ik 5
GRREE TR B XAZE A, IR AN 5¢ 56 T bR 25 1
S, Dong 55 A (2024) #2 H) T — R K [ 4% X
SCAR PG A s A B it 1 B 1 S A A InternL M-
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XComposer2 , %R GEMLHE 25 A B A il N 25, [7)
iR B4 LoRA 7 ik 8258 G ARiE S 80, IR FE
T AR SE R i WoR M S GPT-4V Al
Gemini Pro A48 B 44 . Wu %5 A (2024) 42 H1 7 —
P 2 KIE 5 Al G 7k il LLM 5 24
A5 38 FC A1 RS () i 22 4, ol L R SRR i A T A
TR A SO MG A S . I B
A = M Re gm it 2% MRS s , NExT-GPT {55 %) /b
ESE1%) AT, A R TR A YRR
PEAk it 5| ARES VI8 4, NExT-GPT H & &
Fe P ASTE X P fiE

Az il SRl A B P B R e A 3 2 Bl S {5
B AT RS b T BT R ARl A
Heo (BRI HG I8 B, T g et 22, o B
Kimfbe TEEMEAERE . —EITFAE EF R AN
Fo R IIVLHHEA AR Sh S MBS RLSAE
38 T R A RE 5 0 5 BT 45 (g e
D7) o i Ebfe > 7 55 W B E SO 55 3o vh e R ik
SRR RSN B AR . AR A 0]
DA% — B A A R S AR 2% 1) S LA HE B S B4
RE T BB LRI I0 . fE2BSREG RG T
A = IR, AT E2 2T A7 RS 1T 1 4 35 A5
T SOUSF ARG 2R, DATE B AL S8 B B 5
PS5 FeE B ARG, SR DA i E ZR ik 17 2
FEALAS 0 i A S o

R B T AR R R A B [ A AR o e A T
R KTEE” RIS AR TR A SR B , T RE TR a2
RS Rl A5 X6 ] — I A A [) 7 [l 225 5 DA Kl TR
e A e e LB AN IE WS B A ) 2
SN H 7 R AR T AR

3 HBZRSHES

COCO % ## £ (Lin 45 , 2015) (http ://cocodata-
set. org /#home) : fJ % Train2017, Val2017 #l
Test2017 = NEUHE T4 100 AAT 4 3 L4
iz b A 80 20, 4k 330K &1 1%, H 1 200K 7K
FUREA BARRI 3 #R A 55 09An i . JF H
COCO HHla S $2 1 PR i IPAL 45 45 , a0 T
H ARSI 4 - 22085 B2 B (mAP) |, LUK T3 HAE
55 W7 25 44 [0l 3 (mAR) , i H3E 1 T o B A
PERE.

LAION-400M % % 4 (Schuhmann % , 2021)
(https://laion. ai/blog/laion-400-open-dataset) : i %
Ly 44 EUR- SRR BB Z24H kI /B (KNN) R 5,
SEEECHE S H B PG A & I H O img2dataset £ | fig
% N URL 31 3% v A0 TC BRI Ak B AL 5K PR R
JLHE o

Visual Genome %Y ## £ (Krishna % , 2016)
(https://homes. cs. washington. edu/~ranjay/visualge-
nome/api. html) : J 3H 5 2% #0058 52 5 % 1) Visual
Genome B ALV T M58 518 & R CHK (%
L 10 77 K G Rk KGR S A 1.5 A4S DXl
G EE DL R XA 5C FRbR v . AR AR BAT
HORLIE B AL 0E O FRARTE L D 37 5 R 3 fg i R 5 7]
E N EPRUIE R S 7

MS COCO Captions ¥ #% £ (Chen % A\, 2015)
(https: //cocodataset. org/#home) : MS COCO Captions
SR ST TE BT K MS COCO HiHi 4 S6A - i 7
PG A B o A0 2 33 U7 9K H 3 5 R Bk
EURSEHE T 2 5 Bt sr iy N T SORS I8 AT
T HEF WSS B SOt

Conceptual Captions B P B (Sharma % A,
2018) (https://github. com/google-research-datasets/
conceptual-captions) : FH 7¥ #X & 4 i¥) Conceptual Cap-
tions B &t — M 75 249330 J7 MG - SCA KT BN 46
TREHE S B IR SCAR B A2 I R ) T
o R e A A S s A R R 2t 2
o 37 P9 PR AR - SCAS il X, Aol G R Ay AL 3 o 75
RUFII S B AR B

Flickr30k #{ #& £ (Plummer & A , 2015)
(https://  github.
ties) : T Flickr EIRF 3 1Y Flickr30k £da 4075 3
Tk MR RS T 2R H AR IE g 5 Ik AR
BCA 5 e SCHaR ), DA AR 5 10058 N 2 F0
R SCFE R EEAT BRI A R R
PBH R AT 55 IR SE

WEAE BRI A AR A TR 50028  HAR
G 5 U S5 R AR A B 4R A0 475 - DU AR
HR K 2RI A & A B9 AID (Xia 45 ) (Aerial Image
Dataset) £% §i& & (https://hyper. ai/cn/datasets/ 5446)
FLE AL R A Tl XA 30 R AS S0 5 VR
At Tolk K 2% & 4 1) NWPU VHR-10 %% 5% 4 (Cheng
% ,2014) (https://github. com/Gaoshuaikun/ NWPU-

com/bryanplummer/flickr30k_enti-
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VHR-10) 3 7 &AL i H W 1 BF52 IMEE S5 10
25 800 KM A H bR i k& B B e 4, W T H
B 0 30 DA 5 e s BUR S SE LA & A 9 DOTA
(Dataset for Object Detection in Aerial Images ) £ 4 £
(Xia %% , 2019) (https://captain-whu. github. io/
DOTA) £ & R EMUHA RS A L1 L s 052
e 2 Fa B HARARTE , 3 T H s s -5 U0 25 4%
RBFFE

Hi R E R BOR o 5 05 L T B E ST
T A A VR M B ) Anti-UAV B0 4 (Jiang 55,
2021) (https://github. com/ucas-vg/Anti-UAV) , 3= %
AT RN U S5 IR EAT 55 . it
FELAN G AL IO RS EIR A R B)R
AU R LR RS HARAE 2 M A RN

4 ZESEEMAEEFTIEHNA

PSR B R SRR B F AU N LA e
PR RIS A . BRI 37 S B0 A TR 2 R MR B
Pty AL PSR S A Y S RRAE AR An] B — 5 4 R
HBXE LA S 15 e B 1 R A
4.1 BBHSBBANE5SESHEN

0% 35 25 BB A U AT 552 S A A5 S s
H B TR b | B A R R T R AT
Bl BIANBLER AL AR T Ik -G H - 20 Ah il i A
TR PR LA KA H AR B S5 A5 B (HxELIR
B B ARIEAY ;S f AL R (0] WLG/20 o1 ) Atk i 20 B
REMR A5 2 AR AR, BBl A
IR T AR B () 3h B AR ERAE S G B
(AL BE R AE AT OCHR , AT S B H AR A 8 U0 5 15
2R EE (Gunning 45 ,2021) .
4.2 ZRBERSTSEZaEaE

AR ZEFAT S T15 5 1 L EMGORG #e  DU i
SRHESIAE Z WA PR 4387 . i IE AHLAT
(] s SR A H AR IX I 15 5 5 S0t it . 518
Ll 27 2 1 5 S AR T3 15 PN 25 T A D ] 5 0
A e B AREEST B 2l OCHK , SEI T BA AR
27 B AE R I PR (Chen %5,2024) [l , SCA
2 5 1 34 245 () B0 1 5 A AR SRR h G E
TR A DL B R IE T IE TR TR 5 RS0 2AE
ol AR HARO S . SRS RIS T AR RR IS BT
SCAH I S 1 S, B R 25 A A AR 1 [

I 2455 Dy S B B A T A% Sl S5
4.3 TARGMESBEERRK

PN Z s vl B SR PN R R R e
e PR . 22T ANLE A LR O |
ZLAh HIE VR TE)  E i ML A R L AR L
PSRRI G RGAEG—HERL T A HOR A AR5
A [ 5 265 1) S A B0, A 2 9 ) 25 3 P (Tao 452
2025) . YT ANLE TR BlS R G n]
HAHALF 5 B T AME BAERE HARERES 28 B
TURTH R R G E B

5 ZREEERMAENREKERE

o] ot 2 A 2l 5 ) A R D A il O R STLE A
CFORTEG AT B X A ) MRS 0N 2k
AR BN, g o ) BB S FROR B A PRI, B
A e S A ATRE S R S W ) G — s ] )
TR RSN T B R A L BT BE RS P AR A ] A
A% BhAS LT E SRR M AL

il AR TE N B S 1) Sl A HIE N
B S SR PR 2 A4 A S R AT A e i B 35 2 25
A, I8 E il S 04 R BRAE F A5 W o 7 SR 4L
Hh LTI T RE AR SE AR AR R AL, AR AL T
FEALS LT 0S8 E A S W RS R S A
=, DRIl S REH &

PRI 2R i 5 45 TR B SR B 214 T O BB = ) ) SRy R o
WA TT 1R Z 5 AT RS R GET A OGP , i A P 2R
KA o X FHEA N — 2B 5~ o] R BOCHR,
TOEXELLZ AR RN G AT Z AR ST . IR, BT
PR R AHE DT TR R fof 1 0 L B A R B 65
(ERSEINT LIRS R4

BEAh, Bt B R 2B R S AL . A RITR
R AT BRI IR B, A L I R £ ST BE S
AEPERE . IR S RIS HORBUN IO B BAME
B TRI IR TOAY 55 M e 2 2 RS AR R B — A
B K T5 1

6 # it
W SCH SR T MU (5 LR 0 3 SR 22

P, BET , 7R RS 2040 )2 R TSS90 Rl S 5 30
Rl BITE 5 B BT R o TR, TR PR 1Ak
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TERE WSS B B0 be 2 > i SO 5%, DA
&WU?% *;%ﬁ”jvﬁﬁiéﬁiﬁkﬁmm BRI EZ
SETT PN A TR SRS KA
ﬂjﬂjﬁﬁ@ﬁiiﬁ,#EL%ENTg*%u%ﬁ/—\fﬁﬁﬁﬁ%u
BN Z A AR BT 5 D0 FR G P ) Y i R 2
CURT AN e S L S (AN Sy LI A N
AL 2SR RRE 1 = AR TT 1)
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