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Abstract: Infrared and visible image fusion (IVF) aims to integrate the complementary information contained in both
image modalities by effectively combining the salient targets in infrared images with the rich texture details present in visi-
ble images. Through this integration, IVF produces more informative and comprehensive fused images that surpass single-
modality inputs. Existing research has demonstrated that deep learning-based fusion methods have achieved remarkable
progress in improving fused image quality. However, most of these approaches focus mainly on low-level visual features,
and the deep semantic associations between high-level semantic information and visual features have not yet been sufficient-
ly explored. In recent years, with the rapid development of large vision-language models (VLMs), text-guided image fusion
methods have exhibited great potential due to their flexibility and versatility. However, the effective integration and utiliza-
tion of textual semantic information in the image fusion process remain insufficiently studied. To tackle these challenges,
this paper proposes a textual semantic guidance method for infrared and visible image fusion, termed textual semantic guid-
anc (TeSG), which guides the image synthesis process in a way that is optimized for downstream tasks such as object detec-
tion and semantic segmentation. By explicitly introducing high-level semantic information generated by VLMs into the fu-
sion pipeline, TeSG achieves precise regulation of the fusion process and enhances the semantic consistency of the fused re-

sults. TeSG introduces textual semantics at two levels: the mask semantic level and the text semantic level. First, automati-
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cally generated textual descriptions from VLMs are employed as global text-level semantic guidance, providing high-level
semantic constraints for the fusion process. Second, based on these textual descriptions, mask semantics corresponding to
key target regions are constructed, enabling accurate localization and differentiated modeling of foreground and background
regions. Building on this, three core modules are designed to implement the proposed framework. The semantic information
generator (SIG) module generates both mask semantics and text semantics from automatically produced textual descrip-
tions. The mask-guided cross-attention (MGCA) module performs preliminary attention-based fusion of visual features
from both infrared and visible images under the guidance of mask semantics, thereby realizing mask-level cross-modal fea-
ture interaction. Finally, the text-driven attentional fusion (TDAF) module achieves text-level fusion and dynamic weighting
through text-guided attention and a gating mechanism, allowing semantic cues to modulate the contribution of different mo-
dalities in an adaptive manner. Experimental results demonstrate that the proposed TeSG method, through its dual-level tex-
tual semantic guidance paradigm, performs favorably against existing state of the art (SOTA) methods in preserving multi-
modal texture information and enhancing contrast in the fused images. In addition, TeSG yields superior performance in
downstream tasks such as object detection and semantic segmentation, highlighting its task-oriented fusion capability. Com-
pared with current SOTA image fusion approaches, the proposed TeSG achieves an average improvement of 1.4% on down-
stream tasks, validating its competitiveness and effectiveness while also exhibiting strong generalization ability across dif-
ferent datasets and scene conditions. The proposed method effectively addresses the insufficient exploration of deep correla-

tions between textual and visual features in existing image fusion algorithms, achieving simultaneous improvements in fu-

sion quality and downstream task performance.
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Figure 1 ~ Comparison of existing IVF methods with our TeSG
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Figure 2 The overall framework of TeSG
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tron , MLP ) X 455 AiE 264745 -
a=SA(F,)=c (D, (F,)) (11)
Hordr, @, J&—A> )2 45 TR ReLU (Rectified Lin-
ear Unit) I8 7% 2H 1 A9 MLP & R &L
e A RERNINE « 5T TEE G, Ml G,
A, 621 40 55 0T WG RRAE HE AT 38 0L A il
o ZAG RSN
F=a-(1+G,)-(F,+F))
+l-a)-(1+G,)-(F,+F/)
o, F 3R S &l & FRAE Bl 5 38 1 1 2% A B
Jo d il AR
2.5 BREE
XFF LA 5] OGRS A AT 55, AR SCH bR 7
il Ay et R v (] s O R 2T 0 G A s AR BORD AT IOk
ER RSN o Sk, AR SCRA T ARz TR
Gl A A 55 14 38 R A0 2 PRI - 45 R R UM 6L 2 B
e i 0 A DL R Ok
e, S5 AR AU 3R 28 AR AL A R S A
MG AE S H L — 20k, DO B8 i A TS B SC B 4
WA R SRR B B R ER S5 A BN Re ), Hoe
XU .

(10)

(12)

L= ‘Sv(l - SSIM(Z. 1, ))
+5i(] - SSIM(If’Ii ))

Hor, SSIM FoR G5 M RIS 5L 56, 5 6,4 I N
1/10.5,

(13)
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B BERL R SR IR G5 B TR B, B R B TRUIR B
GRS A RS — B, A A7 1k Rl R b i 2
FREMER, HE SN

L (14)

grad =

Hirfr )V IR Sobel 1 5 5.7 ; max hy HUR RAE A .
5 R A 2 2 T R 0 A R b i X
o AR B, Hoe ok

I ———

L= (15)

ﬁ If—max(IV,Ii)”1
PR g FF A A R B e — 5k . Bk
Tk S ROB RS By YChCr B0 5,25 1] , L il 4
144 55 TG ESTE Ch A Crililt |25 5, Hose Uy
Legor= || Foy (I)=F o, (1,)

color

1

(16)
| Fett)-Fe )
RZ, B RAEUE X
Ltotal:j'lLSSIMJ'_;LZLgrad_’_i}L +;[’4Lc010r (17)
Horp, 2,G=1,2,3,4) g -1 5 80, 1T 095 4 A 52k
TR RE X DT RR L LA BB R BT R Rl AR

3 LI

3.1 ZWRE
3.1.1 SKEARTS

AR FLEGFe T PyTorch 2B, HAEHHAT 45K 24 GB
NVIDIA GeForce RTX 3090 GPU [ iz 5 #% b iF 7 V)l
Y. I ZRid B R AdamW AL &% 90 6 2 2 R H
0.000 1, I Z5 140 42 I (epoch) , #L UK /NNy 8
YIZRREA R ALER BY A 96 x 96 Y RIMG o #55 AU B4y 4] 75
WA~ 20 2% I — A ff i 2%, AN iy PO ) Trans-
former B 21 B o i K pROBCH A T S 5L A, G =
1,2,3,4) (PRI (17) ) BB 4 {0.4,9, 1,103, LI 45
R TT k. OCHEEIE VT (BRI 2.2 7)) YR BOE F A
TE SCHY AW < S8 T BLIP A= i SCA i ik L SRR
A H i IR A T RN G S AT 55 A DG Y 4 T4 S O
Hbr 2 m . OCHE R 51 32 4 45 “ { car, people, person,
woman , man , truck , van , traffic | o
3.1.2 HRENE

S 58 il ] = A>3 T T 4 K04 £E - MSRS (Multi-
Spectral Road Scenarios)'®' | RoadScene ' il LLVIP
(Low—Light Visible-Infrared Paired dataset)'®) . &5 7 /¢
MSRS 5048 5 I #4715 , 74 RoadScene 5 LLVIP 4
G AT VPl . MSRS 48 5655 1 083 X £L 4k 1]
UL G IN 2R G XS, LA 361 XM G xT . T
PEAG B AL AR AN [ 3R 58 T 19z AL B8 11, 52 4% M\ Road-
Scene HCHE A P BEHL 221 XF % N LLVIP £ 4l 4 o
BEAIL L I 347 XoF GO0 g Bl 3 4

int

3.1.3 MLEAFE

A SCH BT 8 07 1 5+ — Pl iR e E 9 (State Of The
Art, SOTA) J7 347 #4345 : TarDAL ( Target-aware
Dual Adversarial Learning) **' | ReCoNet ( Recurrent Cor-
rection Network )'*! . LRRNet ( Low-Rank Representation-
learning guided fusion Network )"’ MetaFusion (image Fu-
sion via Meta-feature embedding)'®’ . CDDFuse ( Correlation-
Driven feature Decomposition Fusion) 67] . DDFM 4" . Tex-
tIF2Y | TextFusion' ™' . MMDRFuse ( Mini-Model with Dy-
namic Refresh for image Fusion)'®' | TeRF ( Text-driven
and Region-aware Flexible image fusion) ' LA & MulFS-
CAP (Multimodal Fusion Supervised Cross-modality
Alignment Perception)"®”,

3.1.4 IR

TR VAR TR TeSG U7 Ik Y MERE , AR SCR A
T Z AT IR TEA R bR, DN 2 A~ e B 15 1T 4R
JF A AL A < (5 B (ENwopy , EN) L T a5 Pl
12 B {5 B i 5 b5 MfE 22 (Standard Deviation, SD) |, JZ Bl [§]
A AE 2 A1 BN LR 5 22 5 AH SC 1 B A (Sum of
the Correlations of Differences,SCD)'™, Fil T A il &
P45 55 D51 15 B AR U4 5 B 58 O3 B0 (Visual Informa-
tion Fidelity , VIF)!' i i il 45 P45 55 VR 1A 1 2 ) 3%
AL AE B R N S B — B
Dh B B F 30 G A5 B AR B QAP IV TR LR
NGAF BRI 76 FRTRbrh U8 =R
Rl 5 125 A0 1R RE R
3.2 RAEXEXWINS
3.2.1 EEXRWERMON

A 3CHE MSRS'® | RoadScene ™' Fil LLVIP'** 4 4%
b TR ITIA S b — R RS RS T L T T
FE I AL, LR A R ANE 1R .

M TSR AE R AT UL, BT 42 TeSG J5 i £ MSRS Al
LLVIP % 5 by 45 R 200 T B4 U7 %, H A MSRS
B e LT A IR br AR B L as R . Hh, TeSG 78
SD \SCD 15 VIF =145 by b 1L 52 R B, 58 701k B X
D7 ¥EAE R B R F LD A FI AT LG PR R AR 25 Y 254 5 4
PN Jy T H AT R AE Ty, NN AR T T RS R
R B0 €5 O B AL 0 A9 o TR e A QAP Bt
— UL W TeSG REME A7 R 1R B P A5 285 1) B AR R
IR T RLE R XS LR S R T R . A,
TeSG f£ EN 45 b5 EA7815 =, sk — Bk 1 HoAe 2 I
5 RS 7T A M . X T RoadScene 5 45 4 |
TeSG Y1 AE $2 THIR BEAHXT A IR, X — B Z E 2 A
TAZBAE ARy A G AF AR i iR Ak, i S B0
SCAR EVRRS B R B, 200 B BRI T Al A RO o BIE 40
I, TeSG ££ SCD ., VIF LA Ko Q" 45 4 A b A7) £ 5 4
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Table 1 Quantitative comparison of our method against eleven SOTA methods on the MSRS, LLVIP, and RoadScene datasets
. MSRS RoadScene LLVIP
ik EN SD | scp | VIF | Q*" | EN SD | scp | VIF | Q™" | EN SD | scp | VIF | Q"
TarDAL | 5.322 | 23.346 | 0.697 | 0.406 | 0.172 | 7.259 | 47.897 | 1.435 | 0.546 | 0.396 | 6.322 | 37.047 | 1.030 | 0.526 | 0.211
ReCoNet | 4.234 | 41.714 | 1.262 | 0.490 | 0.404 | 7.054 | 41.275 | 1.536 | 0.545 | 0.380 | 5.800 | 46.898 | 1.461 | 0.559 | 0.405
LRRNet | 6.192 | 31.758 | 0.791 | 0.541 | 0.454 | 7.132 | 42.436 | 1.569 | 0.494 | 0.352 | 6.381 | 29.189 | 0.869 | 0.547 | 0.420
MetaFusion | 6.357 | 39.133 | 1.502 | 0.686 | 0.464 | 7.391 | 50.749 | 1.549 | 0.527 | 0.402 | 7.042 | 46.631 | 1.327 | 0.623 | 0.293
CDDFuse | 6.701 | 43374 | 1.621 | 1.051 | 0.693 | 7.453 | 56322 | 1.712 | 0.624 | 0.483 | 7.342 | 49.971 | 1.580 | 0.88 | 0.642
DDFM | 6.175 | 28.922 | 1.449 | 0.743 | 0.474 | 7.250 | 43.188 | 1.713 | 0.571 | 0.407 | 7.089 | 40.374 | 1.417 | 0.648 | 0.258
TextIF | 6.665 | 43.190 | 1.689 | 1.049 | 0.716 | 7.319 | 49.871 | 1.522 | 0.686 | 0.591 | 7.428 | 50250 | 1.444 | 1.033 | 0.747
TextFusion | 6.029 | 38.022 | 1.432 | 0.722 | 0.521 | 7.004 | 39.752 | 1.537 | 0.677 | 0.397 | 6.552 | 38.248 | 1.278 | 0.689 | 0.493
MMDRFuse | 6.475 | 37.323 | 1.532 | 0.851 | 0.591 | 6.505 | 27.631 | 1.102 | 0.545 | 0.320 | 7.245 | 44.390 | 1.475 | 0.812 | 0.586
TeRF 6.505 | 41.445 | 1.610 | 0.844 | 0.611 | 7.091 | 44.183 | 1.355 | 0.655 | 0.573 | 7.359 | 49.553 | 1.469 | 0.837 | 0.660
MulFS-CAP | 5.898 | 31.765 | 0.937 | 0.269 | 0.388 | 7.138 | 39.857 | 1.383 | 0.507 | 0.543 | 6.846 | 35.290 | 0.974 | 0.414 | 0.428
Ours 6712 | 43472 | 1.719 | 1.080 | 0.733 | 7.180 | 53.678 | 1.741 | 0.690 | 0.577 | 7.396 | 52.553 | 1.614 | 1.059 | 0.763

VLR B R, R R Rk e s
o, R T HAE WM A T i@t B2, bk
LR TR T TeSG 78 A A B s £ I 1917 fk hg
MELS R, BAE T HAE LA 5 0 W6 EMR a4 b 3t
Y117 8 R S — S A R R L
3.2.2 AL EMEIE RIS

B4R T = A E4E L] kg 3, ot
— L8 T A SOTA J7r ik ny Jm B . TarDAL | Re-
CoNet , LRRNet £l MulFS-CAP 7 filt & i #2 o 77 7F
FWMZEEE B BN RS (Fan, MSRS 5
LLVIP 5 5 55 B9 20 HE #5373 X 30, 47 AR 3R 1F R
HRNEMT ) . HAh, R LRRNet 78 — & B FE I
T8 T JR 0 8 B 40 Y, TarDAL |, ReCoNet A1 MulFS-
CAP J7 7 X 40 7 £ B 2 SR 55 22 (5] 40, RoadScene %X
P 4 21 HE bR 1 A0 b T SO DX S B0 B B R ) o
TextFusion Fll MetaFusion B 7F 40 5 {&£ B L T a7 &
T ABAAFEAE 5 FR : TextFusion JG 12 Vi W & H # H
B () 20 21 HE Bk 78 79 34 B BR8N 85 B &) |, MetaFusion
T A7 7 B S () (2% 2 L ) RBE, LT R 92 10 il 4
A A 5 B A A B4 . MMDRFuse £1 DDFM 1)
fill A 25 SR H R G, LA (R 3 — RS
%, KBeA A ZBEE R, FEX A H R0 %
H R R A HE . CDDFuse | TextIF F1 TeRF & 1 A4 il 4
PG BTtk AF X 48 1, B A8 38 4 b IR B 21 AL S TR i
PHEPRE B BAETT WE S A R B AR
b BB 5 TextIF 38 47 7F (0% 2% FLIA) 8 (31 41, MSRS %4
EPEERTEMT X)) . M2 T, i
TeSG J7 15 i i RUZ i L5 3 1T HLE, B35 1
58 TR B bR TR A PR BT AT L S B 4
WL AR TR BRI S B . R X
IR ARG R A T A A 2 B i % b B L R AR Y

R B s Ay, BT AN S A (R B
i A, TR E AR LGS T B RS A BRARE1
pigiig i ESaE S
3.3 TiFESIE RIS
3.3.1 B#HKENKIEERMoH

DR T i LA P AR SE SR T Y O-
LOv8(You Only Look Once, https://github. com/ultralytics/
ultralytics)VER FARKGINIMZS . S5 AN1E 5 FIZ 2 R

M5 1Y AT A0 AR A 0 45 2R AT UL BT g TeSG U7
B A% LA i B A5 B E A A U 37 Serh i A B A, B3
T A A I AR I e - BT I R XFE
HoAb 54, MulFS-CAP #4147 A (person) " S “ %4 (car) ”
R A2 R H AT 4 (bike) ” B “47 A (person) 7, T
TarDAL #il TextFusion 75 P “person” 2 51| i £7 7£ [7]
R MEAEAE T &, ™ B T e TR DR B G A A H AR
75 1 B R BR 1 . Bk A1, ReCoNet , LRRNet %5 77 ¥ i T
TC A PR VR G b 1 SRR A0 Y, A7 e TR R ()8, L 4
FEKM MR TR, ML Z T, TeSG BEWE A R Al &
LA B ARE B 5] OGSO AT, 7853 R BE T s
A CEERRAE . R BHRFE SCAR T 5] 358 T X7
s HAR R, R AR E R R T,
TeSG e f2 Bt M0y HAR#E I 5 & 0 L F U
S AT E& T 1 4G D0 A P RS Pk o T8 VP AR 7
I, A SCR T IR bR , AL 4545 B (Precision) 43 1]
2 (Recall) LA JAS 6] B (H 09 °F 785 B2 241 {8 (mean
Average Precision, mAP) . 3 2 7~ , TeSG 7E mAP
febr bW R g, BT HAR D . BT B ™
¥ B VAl A5 ME T (40 mAP@0.75 Al mAP@0.5:0.95) ,
TeSG AR I L MPERE . Lk f 45 L R W, TeSG
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DDFM [47] TextIF [31] TextFusion [34]

MMDRFuse [68]
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Figure 4 Qualitative comparison of our method against eleven SOTA methods (The images, arranged from top to bottom, are sourced from the MSRS,

RoadScene and LLVIP datasets)

TarDAL (28]

Infrared » Vlslble

ReCoNet [64]

LRRNet [65] MetaFusion [¢6]

DDFM [47] TextIF B4 TextFusion [34]

AALRE SR TT B ARAG I ) #1414 BE |, 1 BETE S 7™ 4% A G
DUBRAE T PR 10 A HERR P
3.3.2 BEXSEILWERMOH

T ik — 2L PEAG TR TeSG 7 i A8 1 S 4 EAT: 55
W B, AR SCE $% DeeplabV3+ 72 A Ay 18 X 43 #1 W)
%, IFAE MSRS Bl 4E kAT U148 EA & L
250, jbﬁ(Bd(kground) K4 (Car) ST A (Person) . F
7% (Bike) . %518 (Curve) 5 4= F5 i1 ( Car stop) . Bij 4

MMDRFuse [68]
&5 & J5EEAE MSRSEEAE I B bR AGI 14 8 M L A

Figure 5 Qualitative comparison of object detection performance on the MSRS dataset
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4 (Guardrail ) % & 34E (Color cone ) FEGE T (Bump) o
FENGrid 2 b, R FH A SO R A AR B AR, 00 46~
M EER R 0.01, BIIZREE IR (epoch) 2 370, #EIR K/
N o RS RS T TR B AP O, AR SOXE 4%
AR LR Rl G SR AT T T R B PEAR 45 55500
K6 5383 FiR.

&l 6 rf iy A R Ak 45 SR R BT, B £ TeSG HE 2 1 1
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Table 2 Quantitative comparison of object detection performance on the

MSRS dataset

I AP Precision | Recall
@0.50 | @0.75 | ©0.50:0.95
TaDAL | 0.850 | 0597 |  0.553 0891 | 0.744
ReCoNet | 0715 | 0526 |  0.466 0914 | 0622
LRRNet | 0.921 | 0.735 | 0.674 0971 | 03852
MetaFusion | 0.905 | 0.728 |  0.647 0905 | 0855
CDDFuse | 0942 | 0778 |  0.684 0.895 | 0.881
DDFM | 0923 | 0.818 | 0.699 0940 | 0.835
TextIF | 0939 | 0.808 |  0.709 0947 | 0.860
TextFusion | 0.861 | 0.636 |  0.598 0.888 | 0.748
MMDRFuse | 0914 | 0.782 |  0.688 0915 | 0.820
TeRF 0938 | 0.808 | 0711 0899 | 0885
MulFS-CAP | 0.724 | 0.567 |  0.465 0774 | 0.644
Ours 0945 | 0820 | 0717 0.948 | 0.879

TE LR B LSRRI IR IS R

E"éo ML Z T, TarDAL  TeRF 1 MulFS-CAP %} 3 5
B H PRI B RE A (Al TR 20 AR i A9 AT
(person)WEl 17 % (bike) ) , R AEMET 57 HIXT 5 . Re-
CoNet., LRRNet. MetaFusion. CDDFuse. TextFusion .
MMDRFuse . TeRF Fl MulFS-CAP %5 J7 1= 75 fil & K% 1
P T (Bump ) DX (U S 2R HERR T ) R BEIR B4 2 %
T8 SUAE B, 5 BOB R T I M Uz 28 50, B4y
FIRNSE RS [T, DDFM FI TextIF £ 8K GEf% i T iR 51
ﬁ%%ﬂﬁﬁﬁ H bR, A0 7E 31 2% 57 FOKS B _bA7 AF BH o gk
W, BAR AP S . ML Z T, TeSG 7E 1 2

B AR B OR B 7 AR B ol 4 R il TRLR
WG AT R TR B0 i SRR E 5 R AR e —

o, WG R T E AR S AR Ll B R I R R 2 4
TE T HAE T el Loy HME S iy R B .

FEFR 3 AT, TeSG #8734 28 - Lt (mean
Intersection over Union, mloU) 8 #1 b BUAS & £E i & HL
FEZ A0 LB F I ABXT b5 s, 78 4 R B AE 5]
BArEUE S LR G Z8 TR, Fir 2 TeSG

Infrared TarDAL [

ReCoNet [64]

LRRNet (651 MetaFusion [66] CDDFuse [67] DDFM [47]

Ground Truth Visible TextIF (311

TextFusion (34

MMDRFuse [¢8] TeRF B3 MulFS-CAP [¢9] Ours

K6 2 Jrik1E MSRS Bdi kb if SCMHIAY E 1 LA

Figure 6  Qualitative comparison of semantic segmentation performance on the MSRS dataset
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Table 3 Quantitative comparison of semantic segmentation performance on the MSRS dataset unit: %
71 ot mloU

Background Car Person Bike Curve Car stop Guardrail Color cone Bump

Infrared 96.57 67.30 70.93 44.85 34.75 22.98 0.00 33.97 46.61 46.44
Visible 97.91 88.03 42.00 69.55 52.39 70.30 76.72 60.56 66.05 69.28
TarDAL 97.70 85.05 57.67 64.41 39.52 63.70 34.32 54.66 55.98 61.44
ReCoNet 97.55 83.95 56.54 58.69 35.54 59.52 69.24 45.33 46.03 61.38
LRRNet 98.29 89.60 68.34 69.06 49.64 71.14 76.51 61.17 64.82 72.06
MetaFusion 98.15 87.92 62.25 69.18 54.51 68.18 74.61 60.09 53.43 70.15
CDDFuse 98.47 90.10 74.13 72.00 59.85 71.72 76.16 61.58 65.54 74.40
DDFM 98.39 89.85 73.83 70.73 56.30 70.88 72.42 60.50 63.82 72.97
TextlF 98.49 90.16 74.60 72.12 57.89 71.85 76.98 62.59 70.38 75.01
TextFusion 98.27 89.17 65.97 70.18 54.92 71.04 75.04 59.61 64.28 72.05
MMDRFuse 98.43 89.97 73.83 71.50 58.05 72.04 74.96 61.87 64.14 73.87
TeRF 97.65 84.79 66.21 66.43 36.15 59.27 60.37 52.08 51.44 63.82
MulFS-CAP 96.67 73.45 45.46 47.83 21.07 51.51 55.49 40.10 34.57 51.79
Ours 98.53 90.55 74.86 7227 60.70 72.42 76.60 62.62 69.86 75.38

VE IR R RS 2R, F RIZem g R
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Table 4 Quantitative ablation results

P EN SD SCD VIF Qe
(a) w/o Mask 7366 | 51.690 | 1576 | 1.065 | 0.765
(b)wlo MGCA | 7.359 | 51.057 | 1.523 | 1.063 | 0.765
()wlo TIVR | 7.382 | 52201 | 1.608 | 1.063 | 0.764
(d) wlo GAF 7383 | 51956 | 1572 | 1.065 | 0.764
() Ours 7396 | 52553 | 1.614 | 1.059 | 0.763

T IR R R o4 R .

(1) RS TE SRR . S I uE A% 18 ARl &
B VE R, A SCBH TR S | A SR E
BB AR A, A2 AN P30 o HE R 3 SOR i A R 43
fiff Ry G BRI S ORN T S DX, TR L DA T AR AR S
PR UREAE DA SR AT A8 SCVE R B . IR 4 (a) BT
N, BRI SO BB Z2 B0 AR bR B
KRG VIF A R AR T B4R T BE A/, ok ok
FEEARPERERY IR o X R W HE RS T SLAE TeSG IRl &
i R OCHAE M RS SRS R R
X EE B RN A5 BT IRl . SD A SCD 5 45 1Y T Bk —
R MR SCR SO/ T RS R R A SR
&L A T RGBT

(2) RG] 28 LIE R ST (MGCA) B . Sy TIF
fli MGCA BEH A Rk, A SCRE B T8 B, R A
it FHHERD T8 5L, A ASKE L1 AR AT UL R AR SR 17 5 B2
W BAE, R4 PR, XFEEZ BN IR
PR R R, et TR A L X SR
MGCA BB A B o0 28 A7 25 28 5C B %2 1) ou ik , 7R iF
PR A AR S R AT () A A7 838 L s/ A0 2R O 42 Tl
GVERE T AR T OCHE .

(3) XA 5| T A4 & 4 (Text-Informed Visual Re-
construction, TIVR) B8 o Ry 1 55 GiE SCAS T A7 3%
PEARSCREBR T TIVR B, AN SCARRHES | 5, B
FEXT DR TG 0 BURAFAE AT RS o 3R 4 () PR,
TE B Z SCA TR SCHe I, il R Y 32 & 5 S R s
g RN 3 S L R {2 < N R 4
T O0T B ME LUA ROR 0T Rl G S Y GBS
B, BRI A 25 RATAE A0 B R R, G HAE SR

F5ANE SC— B0k Dy R B E . IR S FE Ak B S
ARG LG FEERT RS BG B B

(4) I'T 1% = 1§l 4 (Gated Attentional Fusion,
GAF) itk . S HRFE S0 A& T T ALHI X 7l & 1Pk e 1Y 52
W, AR SCAEBR T GAF B, B H2 X ) 1R il R ik 64T
f A I A R A PR . IR 4(d) BT, R 2 %L
TR 8 bR R R, 5008 T GAF LAY Z M . GAF
B BB A% 2l 25 IR B A [R) LA R AE 19 il B R, B A
PREA P ARIR R B £ 5 (5 B, AR & EHR 5 15 K
A AR UM, 52 B0 Rl G BT i ) 0 2 R T
3.5 BSHEBBMEST

J T R GAFAE TeSG Jr ik h M S 84 4, 4, F
Ay FLH A BN 1) MRS M, AR SR T L
PSS B A T — > S 800 O =, WA e 4R
FE HUE T BB PN 28 AL s A 1 B8 bR A 0 sh A Ol . &1 7
SE RN T & S BUEAL T R bR RS e 1, BT 8 AR TE
WU T PN i sl 34 4 R 7E 19% LA .

Xf T2, €{0.2,0.3,0.4,0.5,0.6} (& 75 —47) , 4
2> 040 @l A4 R AETEM BRI T 4,=04
BB 2 A, < 0.4 1), {F EN M SCD $8 bRl A $2 7,
HARPEFRBE TR, B, 255 S bn i 3R AR R B, A
SCHE AR 0.4, DRI e FER A AR o iF— 2P AR
KRB, B QAP HVIF Ab , Ho A 48 br A8 I 7 B PN 1Y i
KT 0.5% , WF B 12 S 50AE I 31 ) X A5 7 2 g
BN, S E BRI

Xt T2, €47,8,9,10, 113 (E 758 — A7), L 25 L
/R 2, =9 F  EN SD Fl Q" $5 b5 ik B i KAA . #F—
e KB, B H A A, (5 T R HR AR s A e s, (2
IR A, =90 BRI . JEH XA, > 90, T
TEM IR T 2, =9 M E B, WL, 254 4 Tk fE
e, AR SCGE B 2, MR AUER 2 9. ILAh, LT
JIT A i A A 0 3 FE P B AR T 0.5% , i — 2
UL S E R e T

WK 78 =47 B, A, B9 D32 B M Y oA
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PRI TR, B BAR T A, = 10 I A9 B 5 24 4, < 10, 5
SRIBATFRBR (Un SD A SCD) A T A, =104 9 30, (2
HARVEREATY R Mt A, =10, Fl4n, 24 A, =6 1), 4%
SCD #5 AR AT #2  , fH VIF FI QAPF ¥ R [ . T ik
LEE T A SO A, R 10, DA R TR S AR Y
JitE . ZE LTIR, TeSG 7668 2 B0 k3 il N iR ¢
PREFAR E I Bl TE B T X R S B0 b ) s i
3.6 BRRMSH

AR SCACHE BT D' RS i A6 0 5 B X ]
FRLL A MG ) O BEAE B 2B o KM, BLIP A5
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