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Visual-language Multimodal Pre-training Based on Multi-entity Alignment

LI Deng', WU A-Ming’, HAN Ya-Hong'
'(College of Intelligence and Computing, Tianjin University, Tianjin 300350, China)
2(School of Electronic Engineering, Xidian University, Xi’an 710401, China)

Abstract: Visual-language pre-training (VLP) aims to obtain a powerful multimodal representation by learning on a large-scale image-text
multimodal dataset. Multimodal feature fusion and alignment is a key challenge in multimodal model training. In most of the existing
visual-language pre-training models, for the multimodal feature fusion and alignment problem, the main approach is that the extracted
visual features and text features are directly input into the Transformer model. Since the attention mechanism in the Transformer calculates
the similarity between pairs, it is difficult to achieve the alignment among multiple entities. Considering that the hyperedges of hypergraph
neural networks possess the characteristics of connecting multiple entities and encoding high-order entity correlations, thus enabling the
establishment of relationships among multiple entities. In this study, a visual-language multimodal model pre-training method based on
multi-entity alignment of hypergraph neural networks is proposed. In this method, the hypergraph neural network learning module is

introduced into the Transformer multi-modal fusion encoder to learn the alignment relationship of multi-modal entities, thereby enhancing
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the entity alignment ability of the multi-modal fusion encoder in the pre-training model. The proposed visual-language pre-training model
is pre-trained on the large-scale image-text datasets and fine-tuned on multiple visual-language downstream tasks such as visual question
answering, image-text retrieval, visual grounding, and natural language visual reasoning. The experimental results indicate that compared
with the baseline method, the proposed method has performance improvements in multiple downstream tasks, among which the accuracy is
improved by 1.8% on the NLVR® task.

Key words: visual-language pre-training (VLP); hypergraph neural network; multi-entity alignment; attention mechanism; multi-modal
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T BERT #8 HHiZAT & R M5 BRSSO E B, T ARSCH RIS R T BHG 8 28 DL SRS SUAE B HE i B 1]
HEAT . 8 B LR S AN B BT B3] token BB ALIEFE— A token Bl [MASK] token {F Ay # i fr) B34
I ZRB E I e MG AE SO e AT A4k, R R R
Lo = —Eqpy-pH (y™*, p™* (1.T)) (10)
Hr, HC,) N SUBREL, pmosk(, T) NI A,y N F S fE.
(2) BB- U FAES (ITM)
BB -STAS X AT 55 BRI SR one) 28 5 1) BEAG - A 6 TN 4 W7 & 5 2 DL R, 7E TN il R o, 3R 2 RS A& X 55
Y it 2% 4 HH ) [CLS] token 1B A BUR-SCASK HOIBE B R AR R A, 175 4N 5 — J2 A 32 4% 2 HEAT — 00 243 S
MEZ pio . TSR TTM AT 55 (450 2K BR80T R
Liw = —=Eqp-oH (¥, p" (1,T)) an
Hrp, poo(n, T) AT ERAG, yim Ay LS.
ZE b, BTN G FE R S A 3 38R, 2 BN EUESCARXT L2 ST 8RR Ly « FEROSCAR TR K Loy, LA
Je UG- SCAIS FFHR Ly - FERIE AT RN
Luw = Lic + Lym + Ligm (12)

3 Scorth

3.1 SCIGHE

SR KR B B FE BT TR SR B 4R DL I 2 N URAT S B0 2. 7E 2 RSB TN 2RI BOR R MR 4R
Conceptual Captions”*, SBU Caption™. COCO Captions' 'l & Visual Genome" % # & 44 45, L4055 400 73
B 5 LK 510 F3 4% B SC

BAVENRE 2. FIAESBIEEATE VQA-v2.0™ Flickr30k™!, NLVR™, RefCOCO+™, H: iyl 4 1]
ZHARAE VQA2.0 L5 204721 TREHME . 1105904 Xt 102, Gk H B 9235 LA &k COCO Hi4E, @i iif
TR FERIUA K Z A LT, Flickr30k A2 % F I BHG R HdR 42, Foa & 31783 BRI R Gk EBRAEE 5 %
HISHIHEIR A, NLVR? &3 T [ AR E & R EUR A HEF 1 — MR 48, 8R4 8 107292 960 7304
5 2% BEHGO6F, F g 2% SCAR IR K I 9 9K 43 1) 9 DG B 5 S DU (4 LR . RefCOCO+i — /ML 8 i B 4, 1%



8 BB AR R B B )

PR 141564 F b A, XML& A 49856 AN HARLL K 19992 5KIEIME. & 1 45 T FOIZR it 5 LUK R il
SRR AR PN L RS B

R TN LT AT 55 S 6 K 4

Pl LACTES EIGH & BHG S A H
Conceptual Captions 3.0M 3.0M
SBU Caption 1.0M 1.0M
% P
COCO Captions 110k 555k
Visual Genome 103k M
VQA-v2.0 204k 1.IM
S Flickr30k 32k 160k
il
NLVR? 214k 107k
RefCOCO+ 20k 142k

3.2 FERE

AR ST LB I AE 8 K NVIDIA V100 T, 83 I E 2 SIHESE PyTorch™ gt 47 0 A il 25 A SCK
ALBEF HERAEN baseline J7 5, JEETZ T EM B A ST 2 70 ST 55 (10 2 RS TR 2R AL, Tl 2R AL v iy
ML T AL 12 E S H0E N 85.8M Y ViT-Base M HY, SCA 45 5 28 DL K % B 25 il & 5 55 4 0 2% R 1)
Transformer 4544 35K 6 2 4% 45 %), 733K F BERT 8T 6 EHJG 6 ESEHT ¥R, Tl 2L FE 5 batch
size W E A 256, FLiIIZE 30 4 epoch. KB E FEIH AN 0.02 1) AdamWP MR AL 88 AT, WIUE SRR E AN
1E—4 H HARYE cosine BREHATIZ P A 1E-S. TUIZRES S N BUGORBEHLAR BY 22 K /NR 256%256 U EIE, T
X} AT S AT ORI AR SR VIT e 77238 K2 384x384.

ARG TR GAREAAE 4 MR- T NIFAT S BT THROASEE. 2500 2. Bl R . BAMES
WAHERR . WU E L visual grounding. T IHIDN& AT 55 5258 1 € HEAT A48,

L5 7] 2 (visual question answering, VQA) 1145 & 725 145 5 B B 5 AN STAS 1] @, 3 sk 5 40 5 P 28 R0 SCAS 1
S BTN IR 2. SRR HEE R A VQA-v2.0 B &R, A0, 1% T T 45 55505 € 5 ALBEF JjiE—30 %
FR 58 6 3 P 55 W 9 A2 AT %5 H 6 J2 Transformer 25 A4 A5 3 A2 B 2. 44 20 RS RE 50T S5 4 T 245 1 A R AN
TR R AT SRR A AR R SIS, RO B AT, AR SO AR [F] 19 3 192 AN 1] REBEAT P A oot 2% 8. e
B, WML 2% AR IR AR EUN 0.02 B AdamW AL 2%, #1465 31 N 1E-5, &t 4 4 epoch ) warm up 2% >]
TSI B 2B-5 1M J&5 LA cosine PREUGE IR RIS e X I A 1E-6. W BRI IIZ5 epoch &N 8.

BISCH 2R (image-text retrieval) 55 0 A HLHR 4N UGS 2R SCAS AOAE 55 DA SRR A g N\ S AR 2 BEHE B4 55
A H TR B PRERIE COCO H¥i e EXT PR SERUAIRT RAT % 70 AT 1 5250, SRIRIT, W AL A E
IR RN 0.02 (1) AdamW RALES, WIUR% 21 5% 1E-5, %% > SRNg 1L 3 2B-5 T J5 LA cosine bR 4R I S B 24 3%
A 1E-6. WER I ZR epoch H= A 8.

H ARG 5 A HEHFE (natural language for visual reasoning, NLVR) 1T45 & 75 %3 45 5 (1) B 1% - SC A BEAT H1 W 2 75
E53%5F R B SCAAR LR, A SCHE NLVR? #dla 4 FXF 107292 26 SCAE 4 VLR 7 PG 34T SEI6 144 . 4 TiZAT 55 i T
T TS UG SCAR XS AT B 14 G 650 B 580 5 BEEAT BRSO TR SR, 5 ALBEF Jiidi— 30, AR T — N3RS
%%, BT3B i MG ORN — 2% SR, BB SCAR A B HEAT 3 2RI W72 5 W6 ok BUSAH TG T, SRBe i, XT38
FIEAN NS, B AL 88 AL EE R0 R B0N 0.02 1) AdamW fRALES, WIURS: 2 A 1E-5, 24 ) 5IEIA F 2B-5 1
JG LA cosine PR EUTE IR RIS fe X FE IR ZE 1E-5. WE Y1125 epoch ZUE N 1. 4T WAL 5 T &%, ¥ e W65 >)
N 1E-S5, % 2] 1L F] 2E-5 1M Ji5 LA cosine U NS ik A IR % 1E-6, 1 E VI 2k epoch (&4 10. T 1%
RSN — 2 AR X R E P TR B, Rk 2% ALBEF 755 i dn il 25 3E 1T T BN 2 NS Bt 21 b 2%
Tidh 45 DAX iy N\ P 7 LB EA T Ab 2.

W5 8 A7 (visual grounding) 1145 B 1E HH A B AR AN XS BRSO, 58 AL G AR R B ) X 4. 4%



2R F AT S AR F NI EF AT 4 9

S5 HR S 56 B S R 55 B A S A, B A R BN ZR AN B AR ME AOARTE . A SCRR T4 45 B 0 R R 7
RefCOCO+IL 5L 5E {37, Benchmark 0346 _FbAT T 30 SEIG. SRI6 158 @ WIUR4 21 Z N 1E-5, YIIZR epoch & 5.

K EZAMIE-TE S ZHRATRERHEAT T X . Hdh, VisualBERTPM VL-BERT™ ) Jyiiid Transformer
B VE R AU S G X 1 SC A B 5. LXMERTO I 1 ¢ R 4% a8 FH T 22 SIS S = RHIE 2 AT 26 &
12-in- 15 T T4 ORLSE V8 5 AT 45, MR YRt A2 b, B (R B B R . OSCAREKE F4% ke Il ) 47
PR i 4 N . UNTTER R 7 — ot it T 1) B SO AR SR AE A5 17). VAL T M P 767 26 f) 2 1k i i K Kb 1
R 4 i 28 1 2 30R:. VILLAP @ 1k 0 4k 0 07 0 s AR 132 A6 B /7. UNIMO™®, ALBEF!"fil FLAVAM '
Sy ) 15 A P K B 2 5 7 00 S A A PR A B 380 45— s TR e, AT 4 A0 R ST [ B AR i D 10 2 X1 v
METER-SwinB*5| A 38 X 4 & SR it Z A Bl & . X-Decoder™ & 7 — PG 2 AN G L8 LI E = 4
FEA S AE L. PTP 5] N T — R B0 A2 B 51 G SCA SR R VA5, LK 5 M 50 18 75 25 B8 I B Y e 0 40
WENLRE ST, 5 IR IEANE], AR NGB E R 2 J0 S AR BRI, MR T P 2 0 SR SR A A S AR AR
TUHELE.

3 SRRSO

(1) VQA LLJz NLVR® Rl AF 55 5256 45 S/ Hr

% 2 FIor oA SCIR AL SE -1 B TR EE VQA LUK NLVR® TR &3 AT TR Y 25 10 &85 5. A Sext b
T H AT E R R -1E T TN R, BLFE B B Bl 25 DA R s 21 ity U1 AR 2. TR0 25T 1) BRMG BiE 381 240 9 400 5
k. X TR 2 VQA 1145, 40 HI#E VQA-v2.0 [ test-dev PA % test-std HdiE 85 L3471 % LA, HA7E test-std
[ H ALBEFU B R T2 0.06%. X T [ 2815 5 MUEHEFE NLVR {£45, 43 HI7E NLVR® [ dev DL test $iii4E -
HHAT 7 R EG R, Hrh7E dev MA4E I EE baseline 6% ALBEF! MR T1£ 1.0%, 7E test |t ALBEF! USRI T4
1.8%. SIS 25 SR BH AR SCHE tH A T 25 5 VR AL 1 25 DL B B AR TS & A HE 2T R UifAT 45 L3 Reie A tEae HXT T B
SRIVE S IO HERRAT 55 b B RONE B2 B4R, 3 Uk B 3 H 56 T B A R0 48 I 265 1) 22 A 2SR AIE 22 J0 0 55 0N 257 32
e 0% 30 50 2 BASRRAE (R PR X 55 20 &R, TR FHAR AL 50 18 5 FRAEZ 1L g

# 2 VOQA LLF NLVR® FiES% 1t fE L

. B R VQA (%) NLVR’ (%)
i (M) test-dev test-std dev test
VisualBERT™) 4 70.80 71.00 67.40 -
VL-BERT™! 4 71.16 - - -
LXMERT" 4 72.42 72.54 74.90 —
12-in-1% 4 73.15 - — 76.95
OSCAR!" 4 73.16 73.44 78.07 -
UNITER™ 4 72.70 72.91 77.18 78.28
viLT! 4 70.94 - 75.70 -
UNIMO™ 4 73.29 — — 79.10
VILLA®! 4 73.59 73.67 78.39 79.03
ALBEF!" 4 74.54 74.70 80.24 80.50
FLAVAM 70 72.8 - - -
X-Decoder™ 4 74.1 74.2 - -
pPTP> 4 73.44 76.16 77.31 78.50
Ours 4 74.43 74.76 81.25 82.29

K 4 firon Nz TN ZRAORLSE- 15 5 BRAE B ARTE 5 AL HEEE T A5 _LIIIZR 10 4> epoch 2K HIZE P (a)
LUB B S 5 MR R HE i 23 (10 i 26 B (D). MIE] 4(a) ol OB AR TN 2R 2 )5, X R A 55 oR Ul ZRid e v,
IZRBR RS RS L T [, U B R I A 95 O RE A8 LU AR 2 sdE AT I 2R, ANIET 4(b) Hh ] AFE R AR 35 I 25



10 RAFF AR SR g K o e il

55 1> epoch Ji7 Bl 58 5 A4 1 HE A 22 WA B 0.78, R B 9015 5 TV ZRA5E B A5 3 1932 AL R AE REAS AR
I iU 22 RS REAT e IF HARTE N A 55 O DN ZR I HETH .

0.5 F 0.82 |
g 04y 7 081
S g
> 03t Z 0.80
8 o
= 02 < o9l — Val-Acc
: Test-Acc
0.1 F 078
0 1 2 3 4 5 6 7 8 9 0 1 2 3 4 5 6 7 8 9
Epochs Epochs
(a) WA (b) SO UESE AT S v 26

Bl 4 ESRE TS SEHEEE (NLVR?) T 55 VI ZRA5 2 LA K 36 10E S AR S v 1 2 o 2 1)

(2) BSCHE 2R AT 45 5230 45 S 4 #r

ot F B SCAR 3R R AT 55, AR SC 43 5 AR PGS 22 SCA DA BRI SCAKS 2R BUGOX AN AT 45 HEAT 17 5238, 423
Bt N TN 25 A R A PSR R R AT 55 AT O I 2R 45 R, Se 30 Bdii 44 COCO. 43 ilx 5 TmageBERT!,
OSCAR"', UNITER"!, ViLT!"", ALBEF'®, METER-SwinB"*". X-Decoder™ LA & PTP X L6l 3 -1 & il 45
BERLEAT 70 b, H P ImageBERT TN 2R AL () UG HUR Dl 600 J5 ik HoAh AR R34 400 J35K. ASCHHLL T 2R 45
3 Topl. Top5 LK Topl0 A A 45 . Al LG H, 5PERERBAT 94 ALBEF AH Lk, X F BEAR R SUARAT 5, &L
PR IITEE R@1. R@5 ALK R@10 20 HIHRTHZT 1.1% 1.2% LUK 0.7%. 3 T XA K R KBAT 5%, A0 ELE
R@1. R@5 LA R@10 73 BIHRTHZ) 0.3%. 0.6% LA L% 0.3%. 33X — S &5 5 26 W A SCHE H 10 0 ik e i i 5 %2
TS SIAAR IR0 55 6 22 AT B T P SCAR 38 R IR AT 25 M e

®3 BSOS R TR S R RE LR

ik ?DWIE}? K% Text Retrieval (%) Image Retrieval (%)
i (M) R@!1 R@5 R@10 R@1 R@5 R@10
ImageBERT!” 6 66.4 89.8 94.4 50.5 78.7 87.1
OSCARY 4 70.0 91.1 95.5 54.0 80.8 88.5
UNITERY 4 65.7 88.6 93.8 529 79.9 88.0
ViL Tl 4 61.5 86.3 92.7 42.7 729 83.1
ALBEF™! 4 73.1 91.4 96.0 56.8 81.5 89.2
METER-SwinB!*"! 4 72.96 92.02 96.26 54.85 81.41 89.31
X-Decoder™ 4 71.2 — — 54.5 - -
PTP™! 4 68.3 91.2 94.7 45.6 80.6 89.2
Ours 4 742 92.6 96.7 57.1 82.1 89.5

(3) ML AL RIS S8 45 o #T

S TR 8 AL T IAT 55, A8 SC2m6 E 5 W B 7 RN 55, BN ZRB0E 4 R RS B bR IX S bR v HE .
LG PR SN RefCOCO+EIRAE, IR TE Mg, M EWAE4E . MIREE A DL B LT TR, % 4 fis
TR G AR 5 R AT 5 AT SO I 2543 B MR 45 51, 43515 ARNM™. CCL™BL Je ALBEF!iX #E 45
R 45 AT T X b, AT DL Y, SRR (5B ALBEF AH HL, 45 SCH2 HH (0 7 VEFE SR 5 IR, 177 78 T A
A LU IRAE B 43 B TFZT 0.1% BLJ% 0.7%. £E RefCOCO+HRAE T, 1 T-7E RefCOCO+EHm4E M iR 4E Test A
oG A 9N, TIRER Test B A UG U AL 5 BT FCARAS IR 4 . 1093 003 7 AN ISR AR AR 5 AN [ 1)
K oA, HIAREE Test A A8 IR A I 25 55 R0, T IUHR4E Test B A A g & 58 BBk ME O RE AR, A
TS EO R LR E Test B _ERIMERE SRS Test A FIVEREFAAE— AN B 200, VOFIMERE, AR 7
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FVERERE 1T baseline #7 ALBEF. S8 45 SR AR WA SCHRE H Ok T 11 1o 242 I 45 1) 22 1S 080 22 0 SR 55 15
IERENS I 9 AL 0L 5 SO B SF R A

® 4 SYMTELEE AL MRS TERELLAT (%)

Ji Val Test A Test B Avg.
ARN®! 32.78 34.45 32.13 33.12
ccLP” 34.29 36.91 33.56 34.92
ALBEF"" 58.46 65.89 46.25 56.87
Ours 58.11 66.03 46.94 57.02
(4) AT &5 SR by

Grad-CAM 515 2 — 7l e Hof 28 90 2% it R SR AT AR BR Ak 37 1Ay — B 32k, S 122 5 425 T LA A A Pl
AT AT . ASCE L Grad-CAM J5%, 73 IR HLGE 1) B AR 22 B2 g b o v S A0S Al A0 s A Y
2 B D 2 T 5 A TR UL K 22 B b o T 5 3 SR SRS X SR HGE B AT T T . e s
DIRLE )5 VQA A 2 WA 4 B s F i B A 0] BB 2 B AT IR 45 2R, B 5 HmT BUR Y, ASSCHR H R 2
T FEIA 2  44 16) 22 R i ) 4 E 408 AR ML Ao R 00 0 R SC A0S L ) S SREARFALE, ) P o33 AR 7] 0 N PRI P9 2 T
DIHR-0 i A\ B9 AN [0 ) e S AR ) BB B 56 P oy ) AR5 4 7 X 5 26 P S8 . BT 6 s 9l o e o A6
2R v LA BRS80S R B B RTARALSE R, I 6 AT DA S T 45 5 A 1 A R E RR SR A,
VT P v 8 DX A R 5 KT IS 38R S ) AR RFAE X35 B 7 P 9 2 S G A T 5 3 R B A TR R
BB AR, 45 RRWIH 3 J2 B BRI A X T RE S AR IR B8R-S SO SR AR 3 X A 2 1 S A AT
XTI G5 SRR WIASTIE 128 T B AR 48 0 46 22 TS A0S 5 AL -1 75 2 12 TN R 2 BE G AR 4 S k)
2 SR B ST X SR R AR, SRTHILSE-1E F TN R 2 AL RE 70, JFAEXS L RE-18 5 N AR 55 BEAT OR
JERERSSRTT AR5 P L RE.

“black shirt person holding umbrella”

\N v N
~ e/
- = 4 o
. N o
\
5 5

“shirt” “person” “holding” “umbrella”

“horse next to woman”

“horse” “next” “to” uwoman!!
5 BN FLIE] O AR A S B HE 7 7D 1] Grad-CAM AT AL ZE R

K 8 o7y B ARE B MLGEERE T i A 55 MK rT AL A 2R, AT DA B A SCHR 1 T B AR A 4R 1 22 0
SRS S B GE-1 75 22 A IO 25 Bl 22 19 2R 5 AL S B RO AR 55 AT I 25 , B2 B AR gtk i A 1O P
5K BN STAS P SR R 50 R 2B AT R 3, AT KT A A F 7 7 PR A P 2 AT e e A T

(5) MRS5S

AT 6 J2 2 A RFAE R G i 5% v PRI AU 22 I 2% (K156 00, %o 20 RS RAAE b A5 A A 248 5] N LB AR A 2 )
24 (MBI SR HEAT T R SRS 12T b S 00 1 55 B A B e A AR S5 B REAT, 20K T RefCOCO+IRIESE . it
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A LIRS B EMEERINER 5 PR, A5 1 RIINEBRAEM L%, EE A LIRS B EIRTAE]
NIEBL. 2T EEEINE B MR, 7RI A DURIINREE B L BCR B, T U0 20T E 5N
B RUPLZE W2, RS B0 BT PR SCAS rh SR 575K R AR ILRE

Q: what function is served by Q : are the trees taller than the () : is there any fence in front Q: 1s this airplane taking off or

the item the giraffe is peering  giraffes? A : no of zebra? A : yes landing? A : taking off
into? A: food

(): what color is the truck? Q: what is the fence made of?  Q: what is the color of the seat  Q: what color is the car?
A white A metal inside the vehicle? A @ black Az silver

Q: what design is on the Q: how many buildings are in Qs there any reflection of Q: what kind of animal is this?
umbrella? A : stripes the distance? A : 0 zebra in water? A : yes A zebra

Bl 6 VQA K2 RS g it e g LA X SE A 2 /) 18] Grad-CAM Al #L AL 45 R

glass with words small glass
- s

black shirt blue shirt lady man with skat:

7 2RSSR 3 RSB BT V) B Grad-CAM ATHLALEE R
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Buying A Computer

clearly see it against the pant legs.
Label: False Pred: False

B«mna.slm IE[II m'rrus -- - i
Sentence: The right image shows three Sentence: There are only laptop computers.

bottles of beer lined up. Label: False Pred: False

Sentence: At least one of the scarves  Semtence: There are children standing by a door.
Label: True Pred : True

hangs lower than the shirt; you can  Label: True Pred: True
K8 BARE SIS HERL R iR Sl Ml 4 2R

=<

x5 BEMSEL B HRSER (%)

FTtE 2 Val Test A Test B
- 58.46 65.89 46.25

[ 58.12 65.93 46.84
[1,3] 58.20 65.57 46.82
[1,3,5] 58.03 65.92 46.88
[1,3,4,5] 58.14 66.01 46.67
[1,2,3,4,5] 58.02 66.00 46.75
[1,2,3,4,5,6] 58.11 66.03 46.94

4 B %

EESTALGE-TE & 22 RS T 25 22 B B0 S04k 56 R 55 R R I ), AR S HY 56 T 78 PRI A 448 T 4% 2 G S 4
W TR A T S5 )5 72, JBITAE Transformer 22825 A 4 5 4% H 51 B B 48, 15 B4 1 068 320 (e v B AL
KMERE 1, T 2) 45 31 22 T8 SR (5% 55 K 20 AT 1 568 22 A5 Rl 2 A G 28 110 SISkt 5 M 2 B 7, BT 4R TR -1
2B ENZ A BE 1. AR ST R TTIRAE R A 400 73 BIUG BRI G -SCA B 45 L 3EAT T 3 B A B
Sk, K RN G R 2 4 Rl -5 = T LS. S8 X e gh 5 DL AT RRAL 40 M &5 SRR AE T AR SCATR HE A T
VIR TV e AT 20 2 3] B 2 RS SR IR X 5500 R, HRAE 2 A AE-18 5 NI 45 M Re 4 Frde T, b re
NLVR® {£4% L HILLTF baseline J77% ALBEF #Effi K 2T} 1.8%.
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