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Multi-modal Fusion Method Based on Dual Encoders

HUANG Xiaofei and GUO Weibin

School of Information science and Engineering, East China University of Science and Technology,Shanghai 200237, China
Abstract The dual encoder model has faster inference speed than the fusion encoder model,and can pre-calculate images and text
during the inference process. However,the shallow interaction module used in the dual encoder model is not sufficient to handle
complex visual language comprehension tasks. In response to the above issues, this paper proposes a new multi-modal fusion
method. Firstly,a pre-interactive bridge tower structure(PBTS) is proposed to establish connections between the top layer of a
single mode encoder and each layer of a cross-mode encoder. This enables comprehensive bottom-up interaction between visual
and textual representations at different semantic levels, enabling more effective cross-modal alignment and fusion. At the same
time,in order to better learn the deep interaction between images and text,a two-stage cross-modal attention double distillation
method(TCMDD) is proposed,which uses the fusion encoder model as the teacher model and distills knowledge of the cross-mo-
dal attention matrix of the single modal encoder and fusion module simultaneously in the pre-training and tuning stages. Using
4 million images for pre-training and tuning on three public datasets to validate the effectiveness of this method. Experimental re-

sults show that the proposed multi-modal fusion method achieves better performance in multiple visual language comprehension

tasks.

Keywords Multi-modal fusion,Dual encoder,Cross-modal attention distillation,Bridge tower structure
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Fig. 1 Classification diagram of visual language model
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Fig. 2 Overall model structure
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Fig. 3 Distillation structure diagram during pre-training stage
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Table 1 Pre-training dataset statistics
HER H k%% XA
ceC 3.01x10° 3.01x10°
VG 108000 5.41X 106
COCO 113000 567000
SBU 867000 867000

Conceptual Captions $#5 £ #1 SBU Captions £ 4% %+ —
P e e © 40 e 5k I S AT T T A A . A TR AR
BB, AT 3 AN P56 1 = B AT 55 2K PP AR AR SCO7 s 1A stk
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A NEA 3129 MEBBE R EMES. 3 AR
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Table 2 Composition ofvisual language understanding task
datasets
HoE & NLVR2 SNLI-VE VQAv2
I k% 119000 31000 204000
XA H 100000 565000 1.1x106
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FEUA LA HL A T 8 1 2L AR A VLT A SCIY B4 T 4% 2
AR NLVR2,SNLI-VE il VQAvV2 {145 4 5IiE 8 T #
UL 98.5%5,99. 3% F1 99. 0% M HEBE . 53 4b, A H HAth XL
o A 25 R B Y SR AR A R AR UL AE NLVR2 (9 55 UE 4R
LT RERE T Lo22%, WK E LWERREST
1.08% ;7E SNLI-VE MR iE4E b i i 482/ T 0. 7%,
AR B SRR T 1. 18% . 7E ik R R BT AL G
B BE ST VQA 1T 55 1, AR SCBE R AT FY 55 I 1) 35 22 58 70 of
BORETT 2.05% , ARSCHEEILE 3 4058 & BIR 1T %5 -
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Table 3 Experimental results of the proposed model and other

baseline models on three downstream task datasets

%)

. NLVR2 SNLI-VE VQAv2

dev test-P val test test-dev

ViLT 69.95 70. 14 70. 85 71.06 67.45

CLIP 48.51 48.23 60. 22 60. 34 48.29

ALBEF 67.26 67.34 68.28 68.47 64.18

BRIDGE-TOWER 67.38 67.46 68.87 68.99 64.25
Distilled Dual-Encoder ~ 67.77 68. 04 69.17 69. 37 64.74
Ours 68.99 69.12 70.37 70.55 66.79

R TS L3 3 MU AR T 25 25 o 2 5 PR A i 8L
AR TR OR X LE AN Y Rl S 5 45 R R AL T 4k 10 f
ZJE #AT MR A5 R
4.3.1 Btz ket £k

AN B AR SCHR 014 P R 0 J7 75 (PTBS Rl TCMDD)
5 2Z A0 7 R HEAT L BR B0 E A Rk . w5 K PTBS A
P52 BiH R AE VQA LS Eb bRt b, A T 5 2 H
)7 R AT X 48, B A SO R 9 i 38 B3R iy PTBS(pre) o
B )5 22 TR M E 9 PTBS(post) » ST 45 SR UNZE 4 Fisl,

F4 AR ESHABZ B S BYAE VQA L5 i bkRg
Table 4 Performance of the proposed method compared with other

multi-modal fusion modules in VQA tasks

%)

VRS VQA

Shallow Interaction 52.15
VIRT-Adapted Interaction 55.49
PBTS(post) 62.35
PBTS(pre) 63.78

A LA B A T 58 3R WA 2 S A8 HLOR W L AR L 22 AT
17 BA Y ¥ 32 .7 ¥ (Shallow Interaction) Al VIRT H A4 i b P
38 .97 3% (VIRT-Adapted Interaction) , & i1 BT 91 4 1 45 5 45
A IS T 08 A 20 T AL AR 1 B A 2 T AR i g L B AR A WL
RS kR, O Ah AR LU T S 2 SR g L TR A
HERMIEGIR AR ¥ T ZH 3R T ELZWERESLERFLR,
TR [ 32 2] Z J5 3145 1 3 5 & oL o o 5 SR R ) L 1
RIS BR G BRI AE VQA £ 5 LT R 2T T
1.43%,
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T3k K TCMDD J7 vk 5 Z i 1Y 2848 7 W6 30 47 Xt e
SCEAERANEE 5 RS, Hom CMD Jy B A5 T S 21 07
2 H AT 25 G B ot 455 Y 3k 7 2% 48 s TCMD S 4 B Bt 15
BROZS TE 3 1 2808y ke o LA 50U 5 0 98 0 B B ok phy BRABE 25 45
Tk 25 R 40 P 85 RSV 2 ) R PR R AT 2R A . AR SCHR Y TCM-
DD 75 1% 2 5 B B 5 A 24 A 8 B2 U O ks L AE 0 2 A
VAP B B ) Bk o B AR A5 2 A 25 )5 A S 5 B 1 A B AR S T
TR T2, AT LLE )L 0 TCMDD Jr ik 7E VQA
145 B3R B1 T 63. 09 % ARG R, 2 A $2 H ) CMD Al TC-
MD F¥E4r B E T 3. 11% M 1. 64% , SEue s R0, 78 B
SRR P B B K 20T A AR 1) S i) 32 B IR ZE AR 4 2 A S Tl
A BEHRE NS T — 25 4R T R 7R LTS B AT 45 IR,

®5 ARG HAMIEE T B VQA T4 FTEfE
Table 5 Performance of the proposed method and other distillation

methods in VQA tasks

(€23}
I iE VQA
CMD 59.98
TCMD 61.45
TCMDD 63.09
4.3.2 HEkEi

ST IR T B 0 A e B X A8 T g 2 1 BB 1Y S PR
WA, AR ST R R SE G . 5 X BT R Y TCMDD 5
A 8 TR N QAT T S 6 A 36 A ) e X A7 5 5 4 AR A 255 o 1
i PEAT B R T B AR AR I A RO L LB Baseline S R X A
BIPEAT AR . LR g Rk 6 Bra . ol LU B, 76 BT B B 26 18
o R e [ X A A i ) 3 T BPLASE S 5D 45 A AT 2 1 U A
1E VQA (T %5 L HUS T H i 63. 09 %0 By MERH 3R , 4 Lb HUXT 5 45
A5G B s HEAT AR A S5 R R T 0. 9406, b X B 2 G
AUATZEMM SRR S T 1. 6420, W T A SCIR 19 TCM-
DD J5 ¥ 7T LL7E T B Be ) 28 18 08 2 v 27 o BT 2 1 25 ] 22
HF R ARG ERIZRAESSHRRET . o0 AX RS
Ot o 250 2 AT ZE R 0 A 8 bL LK S o i 0 A U 1 v O R
PR T 0.7 00, 3 W I R3S o T 4 B8 T U b 2 > DA T A Y
A% 128 SF B A2 (1) 22 ELANR

6 TCMD J7 ik (1 1 il 52 36 25

Table 6 Ablation experimental results of TCMD method
0
Ik VQA
Baseline 57.37
-+ Single Modal Distillation 61.45
—+ Bridge Tower Distillation 62.15
-+ Both 63.09

025 N A SR M AT B 5 R A 2 G D 4 1) 7 1 D7 =X
HATERR I8 T 5 2 M4} (Cross-layer mapping) 15 2L e 5f
(Cumulative mapping) XJ ¥ G838 - 19 0] e, S0 45 a3k 7
Fis . T LLE B A L 2 i G R S i S £ SR TR B
FWGE VQA (L 55 B AYHERR R 60. 04 % , L5 J2 e S F0 5%
TR B E R AR T 146 %A 1,07 %, TRSEINH LK
S TR TSI IR T Y R T AE B G SR i R
B S5 0 BRI B, TTRE 45 & R B4 0 00 i SUAE SO BLAE

JEA BT AR 32 BTG5 e AT PR AR BE . [0 AR SR
FHTUZ B W S5 ) 7 2038 $2 AR5 2 i 6 5 B S A5 2 4

T WSSOI I RS R 2 R

Table 7 Results of ablation experiments using mapping methods

%)

ok VQA
Cross-layer mapping 58.59
Cumulative mapping 58.97
Top mapping 60. 04

5 IR T PBTS 4549 1 TCMDD Jr i 3 [7] /5 Hi
XA A RE R L 25 R AN 8 TA . T LLE I, 7R LR AR
# |5 ] PBTS Al TCMDD J5 2 5 BB FE VQA 1145 LY
R BHRTE T 3. 41 % 0 2. 72 % , T AE [ B e R 33 A4S O ks
Jo S A AL PR REAT B T E— 25 M ER TE L b SR AR AL 1 1 fE R T
T 4.47%, STEZE R R W, PBTS Ml TCMDD J7 i #l GE 6 4
R4 £ TH BT RY B A 08 T LR AR D L TR 3 2 0 R R
RIVEREAS B T #F— 2 02T,

28 PRI v AR A R 11 30 ol S 46 4
Table 8 Results of ablation experiments on model performance

using two methods

73]
I VQA
Baseline 60. 37
+ PBTS 63.78
+ TCMDD 63.09
+ Both 64. 84

4.3.3 MREMAER ik F
ARSCHE Tesla V100 GPU L34l T T 48 H 119 X0 g 7t 45 45
RURIRL G 2 i 254550 VILT (69090 15 5 PR MR 4 55 b (9 4ff 3 K
BE2ES5E . BT AR SCRE TR R FH R G ) 2 2044, DXL Ot v DL 22 7 I
1R AR RIR WA ITORITR . A TLIAERIME 9 5.,
O ASCHERIAN VLT R H R S Y H A
Table 9 Comparison of inference speed between the proposed

model and ViLL'T model

(s)

A NLVR2 SNLI-VE VQA
VILT 160. 5 195. 2 1295.6
Ours 57.3 67.2 462.5
(2.8X) (2.9X) (2.8X)

HRE N TIRTP RO A1 T RS L

BEARSCER M T — R Z RS R G Ik, KA G S a b 5
P4 5 A 25 58 L TR TN £ B B A 981 410 B Bl e B A9 25 1
FIZE R A B PSS 2 10 2% RN B A S G A 25 b M TS AR
A 4 Tl 5 R AR 5 A S A5 R TR I i R T AN AL
AR T EEAREERR PRSI BB T 2SS
[ AR . SR 45 R SR B, T 42 i 2 RS R 7 AR
AR Tt T LAY B WL 0 R A AR D . T EL AR LC Rl
T Es R i B A TE Ay H PR, HYATRO TS R T
L — U 2 AR R Ofe o BT T TR AR 22 T 2 A8 Xk A R 4k B 4R
Th i T BE
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