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Abstract: The rational and effective use of multisource information tend to 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 multimodal target data from different types, characteristics,
and perception methods in some applications, such as in airborne multisensor target-tracking systems, various types of sen-
sors with different working attributes (e. g. , 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 not only achieve high-precision ranging but also provide more accurate spatial information
due to the varying reflectivities of different objects. However, this is susceptible to noise generated by complex environ-
ments 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 ; how-
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ever, it often lacks in-depth information. The current landscape is marked by the rapid development of sensor networks,
information perception methods, and big data processing technologies. Faced with information perception from different
types, characteristics, and methods, multimodal information fusion technology has received increasing attention. This is
due to its advantages of human-like automatic perception and powerful comprehensive reasoning capabilities; its multi-
domain and multimodal nature, as well as its ambiguity, and incomplete data association. The paper first introduces the
significance and necessity of multimodal information fusion. Furthermore, 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, this paper elaborates on three cutting-edge multi-
modal fusion methods: attention-based interaction modeling, semantic alignment based on contrastive learning, and gen-
erative fusion with LLMs as the carrier. Then, it introduces typical multimodal datasets, such as the COCO dataset,
LAION-400M dataset, Visual Genome dataset, MS COCO Captions dataset, Conceptual Captions dataset, Flickr30k data-
set, and aviation-related datasets, along with their corresponding application fields. Moreover, the paper further explores
the typical military applications of multimodal fusion, including battlefield situation awareness, multisource intelligence
analysis, and unmanned system collaboration. This work also emphasizes that high-quality single-modal representations
are no longer a bottleneck with the maturity of contrastive learning and multimodal pre-training. To date, 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 repre-
sentation alignment. On the basis of fusion architecture, fusion models, and computational costs, we propose three devel-
opment directions for multimodal information fusion. We argue that the choice of multimodal fusion architecture directly
impacts the degree of information retention, computational efficiency, and model interpretability. Thus, existing methods
can be categorized into early fusion, late fusion, hybrid fusion based on the stage at which information fusion occurs. Early
fusion, also known as data-level fusion, involves the integration of multisource information prior to or at the shallowest level
of modality-specific feature extraction. This process preserves the richest original information and multimodal 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 its ability to estab-
lish multimodal associations at a shallow level, thus facilitating the capture of fine-grained modality interactions. However,
early fusion faces a severe dimensionality catastrophe problem. When the number of modalities increases or the feature
dimensions of each modality become extremely high, the joint representation space grows exponentially. At the same time,
during early fusion, the noise of some modalities may be amplified due to the varying noise characteristics of different
modalities, resulting in poor representation quality. Meanwhile, late fusion adopts a diametrically opposite strategy in
which 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. Additionally, in scenarios wherein some modalities are missing, the remaining branches can still
work normally, demonstrating strong system robustness. However, late fusion may lead to a higher consumption of compu-
tational 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 appli-
cation 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
information from various modalities can be fused. For example, a gated mechanism-based visual image and LiDAR multi-

modal fusion network dynamically adjusts the weights of information from each modality based on input data. Specifically,
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it places more trust in visual images under strong lighting conditions, while giving higher weight to LIDAR point cloud infor-
mation under low-light conditions. The choice of fusion architecture does not have an “optimal solution” ; rather, it
depends on the function of task characteristics and resource constraints. Generally, when there are fine-grained, location-
related interactions between modalities (e. g. , image-text alignment) , early fusion is better. When each modality can com-
plete predictions independently and some modalities are prone to missing, late fusion is more robust. Meanwhile, dynamic
fusion strikes a good balance between performance and robustness. Looking back at the development of multimodal fusion,
the bottleneck of fusion has shifted from “representation” to “interaction”. With the maturity of contrastive learning and
multimodal pre-training, high-quality single-modality representation is no longer a bottleneck. In particular, the research
focus has shifted from how to map heterogeneous modalities into a unified space in the early stage to how to design interac-
tion mechanisms that can capture complex, dynamic, and even contradictory relationships between modalities based on rep-
resentation alignment. Furthermore, fusion architecture has evolved 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 increasingly evident. In military confrontations, electronic jamming may render spe-
cific sensors inoperative. Therefore, to enhance the robustness of the fusion system the activation state of modalities and
fusion weights must be dynamically adjusted on the basis of input content and task context. The causal fusion model holds
promise for breaking through the current limitations of relational learning. At present, most existing methods focus on learn-
ing statistical correlations between modalities, rather than causal relationships. This leads to two issues. First, the model
is prone to learning spurious correlations; second, it struggles to generalize to environments beyond the training distribu-
tion. Therefore, introducing causal inference tools can enhance the fusion model’s adversarial robustness and environmen-
tal transferability. Furthermore, a new multimodal fusion mechanism is designed in this paper. To date, redundant infor-
mation from each modality may cause computational waste, and the corresponding noise information may affect fusion per-
formance. Thus, how to utilize information theory techniques to identify and retain complementary information while sup-
pressing redundancy and noise is a new development direction for multimodal fusion technology.

Key words: multimodal information fusion; multimodal large language model; attention mechanism; contrastive learning;
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fiff 125 R ) SCASAT R, PR R A X 0 A L A T A
W7o 5 A A, KA 5 A Y (large vision model ,
LVM) (Dosovitskiy 25,2021 ; He %5 ,2022) 451 5 Y
P8 BRI BE 7 (BT HE R R ) )y T 5 55 T RE =
BEHY  qnfe] gk — 20 B Bl e — i F W 2 B
K R w5 DAL AT B NN T2 4
9 A AR TR i R TN e I 1) HL B 7 BE 40
PSSR

TE2HET LLM ALLVM Y RE ) ELAME i T 2
B KB F BB (multi-large language model,
MLLM) (Radford 4 , 2021) 3% — 4= % BF 5% 47 4, ,
MLLM (48R 5 (5 Bl G HR#EA B 220, K
RO AR R e A AR T RS BRI T
JE TS IS — 2o, B B0 S K8 5 1 AL AT B i
MRRIER . [, R F R B RS B A 5
Az AR A AT L [R1 S A, ISR — >R T Y
3, AT 58 BB AR A R A 5 AR i, AR PR Y 4
[l B i Ml B Gemini-3-Pro . GPT-4V 25 F11 [E N Qwen3-
VL.ERNIE-4. 5-VL ¥ 7R T 4 NEDRIEZ ) 1 B
AET AU RESIA T I 25 b DL i O 55 , i e T i
RS A SE R U BB T 55 . Chen A
(2024a) 4 i T —FfBUZ U AL 58 R 5 2 B35
RAYTE F A, 30 0 7 AR A = 08 2 S
PSE RS S B A PERE . [l IR R s Jr ik 5
1R 2E m Gil A ZE A, AR AN 58 36 Tl AR 25 1)
S o Dong % N (2024) #2111 — R A iy 5 5X
SCA G A BT B 9 0 B 1 7 BE Y InternLM -
XComposer2, ZE R GEMR G 240 A B2 Hil N2, [7)
ff >k FH &8 70 LoRA (low-rank adaptation of large lan-
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guage model) J7 LR KGR IC S AL, UMRFRIE S
TSEHE, S0 s Horkfig 5 GPT-4V Fl Gemini Pro A
MEi A, Wou A (2024) 2 T — M T B2 S
K A 7k, 8K LLM 5 228 2558 Bt 28 AR
Ivi) fipe ) 48 3% 42 , A L BB JER 0 AT LU B & A iR
SCAS S TR A . O BRI FH B = R
it B 2 RN B 28 NEXT-GPT AL 75 % b B S 80 (1%)
HEAT IR A R TFARRAS YN SRy i . b, B 5]
A48 4, f NExT-GPT H 4 & Je 5 B S 18
SCHEfRRE T

A X Rl A 1 P 3 AE T TR s A B 2 RS A
BT 2RSS b T TR EE R ARl A
Heo AR HSH R R, T iR e 22 O HLH
KEnfabe AT EEVEAEBE . —H IR B R B A
Fo FEREIVUHHEA SRR | Sh A MRS
38 T R A R A5 0 5 BOAT 4 Cn gl 2
D7) o Ko B ) 78 55 W SO 553 5 b R P s
pdzys BN oA B U N NP 72 55 N e = W e
LG — 11 A S 28 50 R A 2% 1) A A 4 1 5 A
R T R LRI . fE2BSREG REh
A = IR, IS b 2 2 (AT R 13 11 3K A5
TS SRR 2, DATE 28 1AL 7E 00 B BE S
IS5 R B ARG, B LA E AR ik 17 2
FEALAS i A S

(ER vh 2R il R A A A B [ 1) F e e
“L)ue " R R IR A SRR, AT AR EUE R 2
A A X R — ) A AN ] () [l 25 5 A5 0 ] B8 7= A=
ToB XS E ARG R 45 5 32 Bt 1 & 1
P il AR o

3 HBZRSHEES

COCO % #& % (common objects in context) (Lin
4%, 2015) (http://cocodataset. org/#home) . I 7%
Train2017., Val2017 I Test2017 3 ™ %Hs T4, A
KA AT E Sh¥ <z 3h &8 4 55 80 251,
3330 K EI4 , Horb 200 K i@ EG B A B R 4
FVRFHAT S5 hRTE . COCO Bdis £ $241E T An ik
AIPEAG 6 AR, 1 20 T3 B bR G I A P 20K 2 244
(mean average precision, mAP) L1 & FH 43 BT 55 11
S A [ K (mean average recall,mAR) , {#f Hodi FH T
HEA R RE o

LATON-400M %5 & 4E (large—scale artificial intelli-
gence open network-400M) (Schuhmann 4§ , 2021)
(https://laion.ai/blog/laion-400-open-dataset ) . 11 7% 2
4ACA R —SCAR X, BE % 52 B £ 41 K aT 48 (K-
nearest neighbor, KNN) 25| , S8 5 4 P i) P s 48
K, I HH img2dataset FEREAZ M URL 51 3 P = 201E
YRR A PR W 1 45 S HoT B

Visual Genome %{#& £ (Krishna 55 ,2017) (https:
/fhomes. cs. washington. edu/~ranjay/visualgenome/api.
html) o 38 [& 7 5 48 < 27 ML 5 55 55 % 1Y Visual
Genome B HH A % 1 T8 515 5 IR EEOCHK 615
10 7 W A B 0 R S AT 1. 54 DX
I KRB LR RN R bR ZB R R A
HORLIE B UE O FRARTE L 37 5 f i R 5 7]
BAFMOCHITE R B =M

MS COCO Captions %% 4 % (Chen % , 2015)
(https://cocodataset. org/#home) . MS COCO Captions
JEE ST AERUIR MS COCO By 42 3 Al i K AL &S
Byndk . i 33 71R H W st Eg s iE KA
PEAE T 2 5 BOMAT N OO IR TR DR T
WA 2RSS BT SCRER T

Conceptual Captions B PR 4E (Sharma %5, 2018)
(https://github.com/google-research-datasets/conceptual-
captions) o 1 4% i & i 1) Conceptual Captions £ J&
— L 2330 3 BB — SOAT R B A, i e
BE R A SCAOK A B A BRI ) 5, 8 1
i e S 1 A S AT e A Uk, JF Ok B Zead 22 O
8 PG —SCAS i A 0 A HL st ok R o v 5 A 2 7
DI 20 BRI

Flickr30k %% #i& & (Plummer 55 , 2015) (https:/
github.com/bryanplummer/flickr30k_entities). YT Flickr
G119 Flickr30k 2ol 462 1 3 77 i 115, 18 o
T 2R H AT 5 IR R A 535
iR A DA S s N A TR SUE R, &
BT VEIGA R A il A BE ) 25 R PG A 3 A AT 55
AIFE .

WA, BRI A AR A TR 500028  HAR
G I -5 TR 5 107 P A RS B 0t A 32 A0 5 < 0
K2z AR TR R F A KA BY AID (aerial image
dataset) % 45 % (Xia 5% , 2016) (https://hyper. ai/cn/
datasets/5446) , (05 HL7 BRI 3 HAIT AL X A% 30
Mz G s PUAE Tl K2 2 AT B NWPU VHR-10 %%
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P 4E ( Cheng 45 2014) (https://github.com/Caoshuaikun/
NWPU-VHR-10) , 25 "CHL A5 H L 11 A 52 i
E 25 10 Fh 2531 L 800 MR it 25 H b i 228 B KR, H
T ARG I B8 1 PP A 5 el DR S SR ML A A Y
DOTA (dataset for object detection in aerial images )%
5 % (Xia &5, 2018) (https://captain—whu. github. io/
DOTA) , 40,5 R i 41 P45 F %8 4R 1 TRBIL s 1 4
Z A Z M B ARR U, & AT H AR -5 - 1 55
HFARWII

H1 R AR K2 5407 TR A
R A VR B Anti-UAV 2088 45 (Jiang %
2021 ) (https://github.com/ucas-vg/Anti-UAV ) , 3 % F
TRICAPUGI 50 5 R ERAT 55 o B
AR RS TIWIS WA T SNEE I ]I F o NIy P
SUHT B LA SO Y F RS 2 P A R S

4 ZSESEEMRAEESTENINHA

PSSR B 5 AR A2 U iy LA Ry
GRATELEE 1 o IR S B AR AR 2 AL B
P 185 12 Ak DA R PSR S i AR 1 B SRR AT AT B —
i U HRME A S 45 56 8 1 R A
4.1 BHSBRANESESEN

R 7S BB A% AT 55 S DS 1 e B Al
FheR SR SR A B A A TR T R
Bl BN AL AR T A — G — 2 Ah i A i
BRI PR A KA H AR B S AR (AXELL
TUN BRI AL S A AR IR AR (AT W/Z0 00 ) B ik 55 43
PEREMR, W 5 2 5%, ERASRNA T
TR IR A 2 () 3h H AR FRAE 5 S EHR
W LSRR AE AT SR I, T SEBE H bR RS A U0 5
FrEE RS (Gunning 55 ,2021)

4.2 ZRERSMESEELE

PACAEFAT SO T5 5 16 UGS D
ESRHEAS R 55 2 IR 0 PR R AT o TEIE A ML AT
[FI IR AR B AR X S8 (5155 SOt . 56T X
Ll 27 2] () S A AR R A5 N 2 T 0 DG B ) S5 40
W s H RTS8 0GR S BT A E
27 BY 15 3 A1 R (Chen 45 ,2024b) o [, SCA
155 12 5 Hl B 2 0] B804 0 il 7R AR SRR R e 2 G R
B, RS UL A RE S IR TR R 5T
BRI L ARTE BRI E . ZHERIE S HAIRE

figp AT SCAS HR B IR 23 45 S0, SRR S5 R A0 L AR
T, [l 45 5 D) se P B 247 7 s A He mil .
4.3 RARGMESBEERRK

T AHURE B A2 I R RO JEM T B 5 1L %
e BIPEER ] . 2T ANLIE A R R Obr |
ZLAN RIS R TER) AL B L A B
PSS RS RIS —HER P AL HR A AR5
AN TR A 25 1) 5 4 Bl A o P 1) 25 38 BT (Tao 552
2025) . YEAZIC ANLE M R TR Bl R AT
HAHALF 15 BT AME BAERE HARERES 8 B
TURH R R GBI

5 SRSEERMANRSRE

[m] o1 22 A 25 Rl 5 1) & e IO, - OO 880 1E MA
CFORTER I AZ T BERE X A ) M AT SR
AR BB, i o i ) BB S BN B A PRI, WIS
A T o LS AR S SR S WS B G — s (] e 1]
AT L 375 %0 55 A B A B BT BE S PR AR ]
7 A, B BP I R RS HAL

Al AR TE N B A B E 1) B A &N
LS SR PR 2 A0 R S A R AT A e i B 35 2l 2
Ak, I8 E Rl A 09 R BRAE H A5 B o 7R S 4t
LTI AT RE A AR S AL IR AR R AL, AR AL T
AR5 LT S S TR BRSO RS A 5 A
L, DRI S RGN &

PRI 2R il 3 A5 TR A B SRR 21 T S BB 27 T Y SRy R o
B TR R 222 A S [ B GE i AR ORE  iniAR A 2R
KA X FEPA I — A 5y 2 ] e (ROCHK 5
TOEXELLZ AR RN G AT Z SRR . IR, BT
DR SR T T ELRE A fi il 5 A5 TR L S PR X L 45 1
PSP G AT

HEAN, M AT R A SRS RS ILE . A RS
TUARAR BRI BEIE BT SAIR B, ORI 75 £ L ]
MR EYERE . Anfar A S BRI 8 B 1
AME R (R T U AR 15 P R S Rl HAR 1Y
— B A ST I

6 & i&

AICE SN T 2B RS 1 BRI 2
P, SEMTERL & 2 R AR T S0 5 0 Rl
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TER I WSS BT R T8 L > T SO 5%, LK
DA 75 R O A f) 2 Rl 2 3 Pl T 2 A2
G T BB G T I R B R AT
IO AR, 9 HLART T 28825 Rl & e AL 45 S A5 4
RSN AU LR &g TSP WS- Wy G S Rtk S
SRR . AN, T RS 2R RS R A
WAL T 2R B RE 1 3D AR5 1A
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