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Abstract: Objective Scene text recognition (STR) is a hot research field in computer vision that aims to recognize text
information from natural scenes. STR is important in many tasks and applications, such as image search, robot navigation,
license plate recognition, and automatic driving. Most of the early STR models usually comprise a rectification network and
a recognition network, while recent STR models usually comprise a convolutional neural network (CNN) -based feature
encoder and a Transformer-based decoder or a customized CNN module and Transformer encoder-decoder. These STR mod-
els usually have a complex model architecture, large computational load, and large memory consumption. A vision Trans-

former (ViT)-based STR model called ViTSTR maintains balance among accuracy, speed, and computational load. How-
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ever, without data augmentation targeted for STR, ViTSTR requires improvement in its accuracy. One reason for its low
accuracy is that the naive use of multihead self-attention in ViT does not guarantee that different attention heads capture dis-
tinct features, especially the diverse features in complex scene text images. To address this problem, this paper studies the
application of orthogonality constraints in ViT based on ViTSTR and proposes novel orthogonality constraints for the multi-
head self-attention mechanism in ViT, which explicitly encourages diversity among multiple self-attention heads, improves
the ability of multihead self-attention to capture information in different subspaces, and further improves the accuracy of the
network while ensuring speed and computational efficiency. Method The proposed orthogonality constraints comprise two
parts, namely, the orthogonality constraints for the features of query (Q) , key (K) and value (V) on different self-
attention heads and the orthogonality constraints for the linear transformation weights of Q, K, and V on different self-
attention heads. @, K, and V play important roles in the self-attention mechanism as input features of the attention head.
The orthogonality of features on different attention heads clearly encourages diversity among multiple attention head fea-
tures. The orthogonality constraints for the Q, K, and V features allow different self-attention heads to focus on features in
different query, key, and value subspaces, hence explicitly enabling different self-attention heads to capture distinct fea-
tures and guide the ViT model in improving its performance in text recognition tasks for very diverse scenes. Specifically,
after normalizing the Q, K, and V features of each head, the orthogonality of Q, K, and V features between different heads
is calculated, and the corresponding orthogonality is added as the regularization term after the loss function. The orthogo-
nality of the Q, K, and V features between different heads is penalized by back-propagation, which acts as a constraint on
the orthogonality of the corresponding features. Adding orthogonality constraints to the linear transformation weights of the
Q. K, and V features on different self-attention heads provides an orthogonal weight space in the learning process of these
features, hence triggering implicit regularization in network training and fully utilizing the feature and weight spaces of mul-
tihead self-attention. A similar approach is used for the @, K, and V weights to constrain the orthogonality of the Q, K,
and V weight spaces by penalizing the orthogonality of the corresponding weights. The feature and weight orthogonality con-
straints can produce improvements when used individually or in combination. Result Experiment results show that com-
pared to the benchmark method, the overall accuracy of the proposed method on the test dataset is improved by 0. 447%
when adding the feature orthogonality constraint. Meanwhile, when adding the weight orthogonality constraint, the overall
accuracy of the proposed method is improved by 0.364%. When both feature and weight orthogonality constraints are
added, the overall accuracy of the proposed method is improved by 0. 513%. We then compare the orthogonality changes in
different ablation experiments, including the orthogonality changes of the 1, K, and V features and weights among differ-
ent self-attention heads. The proposed orthogonality constraint can lead to a significant improvement in the corresponding
orthogonality. In addition, the feature orthogonality constraint favors the orthogonality of the weights, and the weight
orthogonality constraint favors the orthogonality of the features, but these effects are small. We also produce attention maps
of the model with added orthogonal constraints and the baseline model in the CUTE80(CT) dataset. These attention maps
show that the model with added orthogonality constraints focuses on more information in the attention region compared to the
baseline model, which is helpful for recognizing the correct results. We also compare the performance of our method and
that of previous competitive methods on several popular benchmarks. Our proposed method shows improvements on both
regular and irregular datasets. Compared with the baseline, the accuracy of the proposed method is improved by 0. 5% on
regular datasets IIIT5SK-words (IIIT) , street view text(SVT), and ICDAR2003 (1C03) (860), by 0.5% and 0. 8% on the
irregular datasets ICDAR2015(1C15) (1811) and IC15 (2077), respectively, by 0. 8% on SVT perspective (SVTP) , and
by 1. 1% on CT. In sum, the proposed method shows an overall accuracy improvement of 0. 5%. Conclusion This paper
proposes a novel orthogonality constraint for the multihead self-attention mechanism that explicitly encourages this mecha-
nism to capture diverse subspace information. The Q, K, and V feature orthogonality constraints are used to improve the
ability of the multihead self-attention mechanism in capturing the feature space information of the input sequence, and the
Q. K, and V weight orthogonality constraints are used to provide orthogonal weight space exploration for the learning of fea-
tures. Experiment results validate the effectiveness of the proposed plug-and-play orthogonality constraints in STR tasks,
especially in improving the accuracy of the ViT model in irregular text recognition tasks. The code is publicly available:

https://github.com/lexiaoyuan/X ViTSTR.
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1) HM %A . ITANT5K-words) (Mishra %5,
2012) 47 3 000 i FH T I3 () IS, ok 2 5 2 I
B BRI R P U B 42, K20k A i i,
INFRRGE ) R bR R A

SVT(street view text) (Wang 2 20115 64710
FHF AR U X e EHGICSE A P AMEE R A
S RO SIS A BRI

ICO3(ICDAR2003) (Lucas%¢,2005) % 1 110 0§
FHF ICDAR2003 -1 [5] 132 50 F8 1 RIS, ik 2 K45
M E RGP RN . A RBRKIE/NT 3 FERN
Mg L R 867 IR FIME . BRI —
860 i KHZR I RRAS

IC13 (ICDAR2013) (Karatzas 5% , 2013) J& 1C03
M3 R, 4k A& T 1C03 oK B R, RN
ICDAR2013 & # ] 152 55 FE 1M A 2 1, A2 1 015 i
K&, BEEER S — 4857 RE &N
A o

2) AHEHESE . 1C15(ICDAR2015) (Karatzas
&5 2015) 49 ICDAR2015 4% [ 152 35 e i B e 1Y,
1552 077 IR, 3X L RS i 45 BIR 55 (Google
Glasses) EMEH A 1Y SR 38 SRS T HA8ER , 1 & 1R
ZAGR e AV Ay BRI R . TR RE B 4R
WA 55— A1 811 7 BIR 9 IAS (Bai 55, 2018;
Cheng %5 ,2017) .

SVTP (SVT perspective) (Phan 5 ,2013) £ 7% |
645 M A5 it s il 4 1 %, K 20 FE R IE T
AT FOER 0 i A 1 RIR

CT(CUTES0) (Risnumawan 45,2014 ) £, 7 288 i
M BRSSO EHR b R 2 R M
UL SCA B

K2 s 17 AR b g o E 5 B 2(a)
55 1—4 47 43 5>k B LW 4 48 TIIT . SVT . 1C03
1C13; B 2 (b) 55 1—3 47 43 51l >k 1 A #0004k 9 4
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Fig. 2 Examples of regular and irregular real-world datasets

((a) regular datasets; (b) irregular datasets )
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IC15.SVTPHICT.
3.2 KEEE

ST MR B IR AR SO VR A RO L B e AE
ViTSTR-Tiny( Atienza,2021) {5 Al I 7525, % 1
G T A SCHERR I Y ZRC

5 ViTSTR A [ , { Fi DeiT (data-efficient image
Transformers ) ( Touvron 2 ,2021) A9 T 1| Z: AL FE A1 He
N (2015) kAT R a6 1k , B 2 000 IR 5 7R
Baek %5 A (2019) #2419 56 UF 5 - HEA 75031 , LABESE
FESGUELE 1R B f5e e P RSB T e U4 1 3P4l

X — 5 Atienza (2021) A [A] , 4% 3CF1 Baek 55 A
(2019 (R FF—5. A T X 5, 26 AR SCRHERE DI 2R e
ERIVHAL Jy Sk AR B YRR A 44 S XVITSTR.

P2 JB/R T XVITSTR AN [R] FAS (1) B B ARG X6
Fbo o RS JRAE SRR T T B vkl 4505 L
FESSUELE 1A B fe e PSR, 6 AR 1375 3
A HEARRE BE . 5 VITSTR —Ff |, A% SCIR 1) A0 5 05 2
96 ML T FAF , FE VIS AT AN e e 2 BLSCAS, X
BEFIBCFHEATIPARL 0 TR ] A 0 SO 8 R IX 43K
NCHE

1 JIGRE
Table 1 Train conditions

iR fH
ylERs 50% MJ + 50% ST
AR 30 7R
batch size 192
Pt Adam(Kingma #1 Ba,2017) (8, = 0.9, 8, = 0.999)
Wl > 3 0.001
EES Il AT%AR K F 2 R (Loshehilov F Hutter, 2017)
T BT 5.0
Dropout (Hinton %,2012) 0.1
DropPath(Huang %5 ,2016; Ghiasi % ,2018) 0.1
A RBRAS e xR 224 x 224
GIESHBER Y LOREEED
PR R cross-entroy (38 XA )

*2 XViTSTRAFRAREEF B EITEE

Table 2 Comparison of the configuration and accuracy of different versions of XViTSTR

patch ]R=f MIGERIAEL embedding b RIS PAIKE
XViTSTR fiiA B %
P L D h S
Tiny 16 12 192 3 27 81.8
Small 16 12 384 6 27 83.6
Base 16 12 768 12 27 84.1

3.3 HELEE:

3R T U Foe F1 Loc 4 XViTSTR-Tiny 5
| (ARG BT H S R

R T BEARRAE 1E 58 24 ORI 1 38 29 R 1A 5K
Pk, B X XVITSTR-Tiny MUAS #4461 472 1) SE 56 i
BT s B 2R R 5 1 B B0 E A TORS e

AR AR AR b BEAT DN, 45 2 7R A | p i
RS EE O 81. 802%, T LAMLAE WA SCRYFEME . W3k 3
RS 1T S 1 AU IS SUIR A D 451 2% pR K
HAL IR BRAE S K pRB P NI IE SS9 A, R -5
SC 1 PR R R A SR 2R

N T AR IEIESZ 2 Foc A R , 7525 1
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%3 ¥R Foc M Loc ¥ XViTSTR-Tiny #2! - #5E 33 L
Table 3 Add Foc and Loc for accuracy comparison on
the XViTSTR-Tiny model

S Foc Loc FEE /%
1 x x 81.802
2 N x 82.249
3 x N 82.166
4 N N 82.315

TE I AR R & 9 e R 25 5, N R RN, “x” R AR
Wi

(LA B AR R PRECH S I Foc 1E 2 29 00, 3X
B 5286 2 TP A S o 1 B4 1 E N 1 A0, 2,
Jon A I E N 1,2, 1, s s s IBEEH O,

K3 s 128 1A S8 2 Y gt B P oA 6] A
ER 3L Z 00 Q KV HFRAE Y 1E A8 M B AR Fb X HL I
SR R IR T S 1S 4 AR UGE AT FQ L FK
FUFV BY{E , IFBURE 2 000 UGB AR AR . 1] 3 sk
I 2 F s €00 S 2R TSI 4 A 4 €0 S 2R AR 30 40 IX 38R Y

AR E S

K3 FQ FK . FV AT T 0 g =R AR
EREN =P IS UV R g 1 F S N Sl 25 3 SN
Bl 3(a) AT LA FEAN SN Foe B (5255 1) , AN A H
TR 13k Z 8] Q FRAE A4 1E 28 M A I 250k A v B Ak Ak
T L oA X EWITEAUIN Foe WA R A 1 22073k
Z A Q AR 25 ] 24 ) I RRAEAFAE — B TR . TETR
T Foe (5255 2) J& , WL 3 (a) HR AT LU Y, 58 il (1) 1F
LR Foe AT M5 RTA] [ 3 & 73k Z 814 Q 71k
2% [A) A9 TE A PR AR i, IF AR B A U oo 2 v din 2%
PAFF RAFBIESS . NI 3(b) (o) e ml LIAS A1
[F] A 2538 , 33X FR WA SCHE HR 19 TE 28 29 0] Foc RE S TE
YL R FEVER R TR B A Sk iR g G 2
TE AR 25 ], A0 4 TE 28 A RAIE 25 (1) L TE 506
FRAE 25 [l FNE S HARRIE T-25 (] . SE50 2 T A3 211
RERIAE AL T 0 e AR B T AR SO A AR
IEAC Y Foe A R0, QN 3 i S 56 2 I, s
T Foe (4 1E 28 24 33 J5 K FE AR LE SE 50 148 & T
0. 447%, 355 82. 249%.

L6} SLER L
L4t — gz | 12y
— SEE3 o
12 — K4 or
ol M Nl
S = o6}
0.6 04l PRy
041 — SRE
L 02F — S3
0.2 K — SL4
00 C 1 1 1 1 1 1 1 O'O C 1 1 1 1 1 1 1
0 100 000 200 000 300 000 0 100 000 200 000 300 000
biSavie: s ARIEL
(a) FOREfbXTLRIE (b) FKASEXSHLIA]
0.8F
0.7}
0.6
0.5}
5041
02} — 5L
0.1
00 L 1 1 1 1 1 1 1
0 100 000 200 000 300 000
BEARIEL
() FYAEAbXF LA

K3 AR ATk Z 0 QK VFEIESS PEAE (X LA

Fig. 3 Comparison of the orthogonality changes of Q, K and V features among different self-attention heads

((a) comparison of FQ changes; (b) comparison of FK changes; (¢) comparison of FV changes)
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H T BEAE E A 2R Loe AT RUHE  7E 5556 1
AL I, ACZE 40 2K pRERC TR N Loc TEAZ 2 ST, 3%
AR A S50 R (R S B o R B BB R O R 1,
s 73 I A 10, 20, 10,4, Ay, AL IIRE RO,

K4 o 1525 1A S8 3 1 Zhad B P oA W] A
FERSLZIEQ, K, VALE M IE 58 1 28 Akt L
M, LI E TS 11— 4 AR kU
LQ LK FI LV {8 , I B 2 000 Wk ACHT H(E . & 4
AL 3 B AL SR LI 4 1 S SR AE R A3 IX.
SR AR T B

B4 LQ, LK, LV B{E B T T 0 8RR A W]
Sk 22 T A 25 ] (Y I A PR . IAET 4

A LLE W ZE RN Loc B (SZ56 1), ASTR) F FE &
KZIE Q. K. VAUEMIE WA G fe & ik
TARE o FEURIN Loc 5 (5255 3) , AH Y 1F 38 P i 3
AT, IR AE Z 5 B I 25 R A DR 45 TE S8 PR AR E -
X R WA SCHE Y I AE 2 29 R Loc REAE TE I 25 A 45
VERT, SEARTRI 4 B 3 500 Sk BB 6% G 1 31 1E ACAE +
23 ], A4 1F 3SR WA TR 45 ] | 1F 28 SAN T 25 1]
FIE A EANE T3 (8] 500 3 A 21 (0 455 0 I 3k
£ F A RIABUE ] T AR SCHT R A AR 1E A R
Loc WA RUME , 4N % 3 I 5255 3 BT/, B8 Loce 1 1F
LAR GG A LS5 15 @ T 0.364%, ik #|
82.166%.

— 5L
08} — L3 0.4+
— 404
0.6 03r
S =
04} 02 Sk
— SLYR2
0.2 0.1} — SER3
L E — S
0.0 1 1 1 1 1 1 0.0F 1 1 1 1 1 L 1
0 100 000 200 000 300 000 0 100 000 200 000 300 000
biSavie: s ARIEL
(a) LOZZAV AT LLIA] (b) LKAZAV R LA
0.4}
03}
SEE 1
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(c) LR HLIE]
K4 AFATEEILZIE QK VALEIESZEAZ X L

Fig. 4 Comparison of orthogonality changes of Q, K and V weights among different self-attention heads

((a) comparison of L) changes; (b) comparison of LK changes; (¢) comparison of LV changes)

F52 b, Foc Ml Loc ANTE A FH I BE A% 717 >k
K BE BT, 2H A (o FH SR R AT SRORS B Ay itk — 25
PETt, QNSE5 4 B [IEHAS I Foe 1 Loc B, 24K
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s s s 53 B 10, 20, 10, MK 3 FIIA 4
SR 4 W0 SRR ER T LU L XL FQ, FK,

FVHILQ, LK, LVEAR s T R, IR eI Zhad 72
IR AR T 0, ULEHIX B Foc 1 Loc [7] i & 4%
TAYEH R A EE IR Z M Q, K, VAL
25 () AR 25 ] AR R IE 22

HAS G, anE 4 7R, 24 HES N Foc B (55
5:2), 2B LQ, LK, LVEREI FRts, 10 %
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1 2/NHARD N, BRI, YU INRAE A9 1E 22
LY, 23X AR 43 [ (4 1E A8 1 7= A — 5 RS, 5
AT AR R 9 1 28 M S A I PR AR G R B R
LK FLV #7254k

RS S R A2, Q& 3 T, 24 LR Loce
(280 3) ), &5 FQ, FK, FVI{EAT LS5 1 78
AR R W R R KR, SIS
1 1E 58 2 AR, 25 0T I8 R I 28 ] 9 1 3 P AR
U, 3 AT DASE B R AE U8 AN R 7 1E A8 2 Rl ]
A — s Rt (E P A B et e TR R IR AT Y
IEZEA BN

BRIV, PRI TIN Foc 8%, Loc B 2> {845 11F 23 8]
A 2 (R 1 AE T[] B S 0 0] 2 feff R A1 2 (] FHAL
FASAARREARFFIE S o UNe 3 A5 4 7w , W] Ih s
Jn Foc A1 Loc B} () K B o8 & , A L SE 30 1425 T
0.513%, iK% 82. 315%.

5 Won T i SEEe 1R SC 5 4 15 3 AL CT
Bt A i o R A T T AR R . b 2 1 81
FEE 2 512 1 XVITSTR-Tiny #5445 2] i 33 72 7 (& A
BUMNGEH 55 3 5 F%E 4 51 J2 B XViTSTR-Tiny+Foc+
Loc RIS B A 2 AR RIS R . PRI T2
PUNASR AT . RIS AT LA Y SN IE s )
R E 34 7 7 X 81 A LSRG AR R S 132 3] T o £
58, BRI H IEAf 25 ok i e A B B

football

coffee

allahabad oldtown

KI5 ARIRBEEDG CT 8 5 il o R A9 TE = T ¥4

Fig. 5 Attention visualization of the images in the CT dataset part by different models

3.4 XPLERIe

ASCRTE LA AT I FE 1 b5 — S ety kit
P 25 R LR 4, ATLAF B, AR SO LA
LU, A2 RIS R s 4 b 34 i var , ZE AR

BAEAETIT SVT . 1C03(860) FHBIETE T 0. 5%, 7E A
LB AL IC15(1811) AIC15(2077) B4 BIHET+ T
0. 5% F10. 6%, 7E SVTP _F#F T 0. 8%, 7E CT 4T+
T 1. 1%, 76 MR AR 1 B AARRS FEHE T T 0. 5%,

x4 HERHWKLE EAFEBEFEFEX L

Table 4 Accuracy comparison of different models on the public test dataset

1%

T SVT 1C03

IC13 IC15 SVTP CT S

A

3000 647 860 867 857 1015 1811 2077 645 288 K
CRNN(Shi %%,2017) 81.8  80.1 91.7 915 894 884 653 604 65.9 61.5 76.7
GCRNN(Wang #l Hu,2017) 829  81.1 927 923 90.0 884  68.1 62.9 68.5 65.5 78.3
Rosetta(Borisyuk %5 ,2018) 825 828 926 91.8 903 887  68.1 62.9 70.3 65.5 78.4
ViTSTR-Tiny( Atienza,2021) 837 832 928 925 908 893 720 664 74.5 65.0 80.3
XViTSTR-Tiny () 84.8 83 938 934 909 903 739 68.0 71.7 72.9 81.8
XViTSTR-Tiny+Foc+Loc 853 858 943 937 914 907 744  68.6 78.5 74.0 82.3

T L PR R R 25 B i 2 2R
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X UL IAR SO A RERE $ 8 223k A T R ML G AN ]
T2 5 RAHTARBE J7 , e 2 AR R 22 R AR 5
A5 SCRPUINE S5 Lo R 5B T AT I MA
SCOTIEAENGE L S RO AT 08 A XL .
Forp 2B O T AT B DR BRI A s S O

(floating point operations per second, FLOPS) f{i i T
Ab B — i BRI B4 K . nT LA, A SO
A A S RO O SO R AR 00 B3R5 T4 58
Gl RI . DL ESCR S BN AR SO e A
G5 i

&5 FE2080Ti GPU L REREAIHEE R E S HEFMITE 513 (FLOPS) Xttt
Table 5 Comparison of accuracy, speed, number of parameters and computational load (FLOPS) of
different models on 2080Ti GPU

Y K1 1% S (/) ZHAR(1x10°) FLOPS/(1x10°)
CRNN(Shi%:,2017) 76.7 3.7 8.5 1.4
GCRNN(Wang 1 Hu,2017) 783 11.2 4.8 1.8
Rosetta(Borisyuk %,2018) 78.4 5.3 443 10.1
ViTSTR-Tiny( Atienza,2021) 80.3 9.3 5.4 1.3
XViTSTR-Tiny (F£ ) 81.8 14.1 5.4 2.1
XViTSTR-Tiny+Foc+Loc 82.3 14.2 5.4 2.1

4 & it

G SCRUNTEVF 24T 55 FOSE FH vhf BA E
G 2 3k A R ALH R VIT B T 5757
SCASPUA AT L5 30 3 R 5 2803 - A, K T T
Xf ZAEPER IR 9 57 5 SR IR BIME 55, 23k AR
AL H AN BECRUERA S AR B ZAEPERYFRAE . AR SC
Pl T — BRI IR L Ok R AU s 2k
JILHH AR R 2R R 72 E B o ASSOT i i
14 1E 58 240 SR p PR 0 LR, BV XA ) R ok
Z 8] Q KV HAE B IE 58 LY FORET XA TR A 1=
K ZIE QK VMR EMIEL AR, X
A [ A 1 350 3k REAS S T IE AS Y A i) 725
) 52 (8] FE T 25 8] A AR, JF o QLKL VRFAE
27 2] SR IE SA 23 AR B . SER R AR SO
$i 8 R4 ED O i 1E 22 20 SR TE STR AT 55 1 A 3L
P, R B 11 i VAT A B A AN R SCA R
55 LR

ASCTAEARTIAALALHT B ] 2 > S8, AR
AS Y f1% FF B 3 B AN TSR0 RO A 4 B 3K A
e ZT S IE A AR H 2 ot R ik — 2 1Y
THEHRE  AEA SCHY SR T2k 7 h Ze A7 i A
Zxifal . J3O0 AR SCTAERIRRE T 2L AERE I
B AERIE Q K VINIEA 2ok, 4 F L2k HiEE S

83 T 0 R AR AR AE S5 A R 1 1 2 24 SR B
FEAIRIE— IR R . AR 9 TAR IR R
FABIE A0 23k BB IESZ A0, I i —
R R HAM RS A2 26455
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