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i E AN E ARG ECSCRREN K BT 2B RNE L B4 (Fully convolutional network, FCN), FJ 43 %
ST IR R SRR, BB MAE AR SR, Z 207 VR 1 2 R R R R, i e (e K, (5 BRI
A7, IXTE SEBR R H PR T IR ik B R 2 AR 19T B, AN SCHR PR TS [ SCASAR TS BV R AR AR VL R
FENRAE BUG 5 FAT 45 /B B A i 48 AR THBEANS FE (W T 100 32 3, AR T0 K08 2800 75 L ER A I 4R P K M U M 4%, &>
BN AR, B BT AE RS RS 2 6 2 57, ERUIGE R R N %, [N, AGMAR R 22 T BB 5 KT
%, N B SCARRS AR N VR BSR4 N R e RE . ARSI T — AL TE BT A 1 B 281 407 7 (Self-distilla-
tion via entropy transfer, SDET), 5 SCA K Wl X 4% (143 J2 P4 2% i 00 40 0 B 15 BB VR R AR RS 0 iR, @it — A4l Bl
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A Self-Distillation Approach via Entropy Transfer for Scene Text Detection

CHEN Jian-Wei' YANG Fan"? LAI Yong-Xuan®

Abstract Most of the state-of-the-art text detection methods in natural scenes are based on full convolutional net-
work (FCN), which can effectively detect arbitrary shape text by using the pixel level classification results from the
segmentation network. The main defects of these methods, i.e. large size of the networks, time-consuming of for-
ward reasoning and large memory occupation, hinders their deployment in practical applications. In order to achieve
a tradeoff between model capacity and efficiency, in this paper we propose a knowledge distillation method for text
detection model. Knowledge distillation is widely used in image classification tasks as an approach of model com-
pression and for improving model accuracy. However, traditional knowledge distillation usually needs to pretrain a
large teacher network, which increases the training cost and may reduce the efficacy of knowledge transfer due to
the difference of learning ability between teacher and student. Meanwhile, existing knowledge distillation methods,
which are mostly used for image classification, cannot achieve satisfactory performance when applied to text detec-
tion models. In this paper, we propose a novel self-distillation method, Self-distillation via entropy transfer (SDET),
which takes the information entropy of the segmentation map output by the deep layers of the text detection net-
work as the knowledge to be transferred, and feeds it directly back into the shallow layers through an auxiliary net-
work, so as to enhance the model’s attention on the edge of textbox. In sumary, SDET simultaneously uses informa-
tion entropy and label information to supervise the training of shallow layers, and ultimately improves the perform-
ance of the network. Different from traditional knowledge distillation which relies on teacher network, SDET util-
izes an auxiliary network in the training stage and realizes self-distillation at a small extra training cost. Experi-
ments on TD500, TD-TR, ICDAR2013, ICDAR2015, Total-Text and CASIA-10K datasets demonstrate that SDET
can significantly improve the recall rate and F1 score of baseline text detection networks, and outperforms other
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IR, AR SO 2 N T 33T
FUAE AL T IR AN B 22 B 5%, sl 7ok
O EALL SR AN B2 57T, SCAR AR i3s3
SCARPRfE R BB, BRI G S SOR IR A
AL B TR B 4 AR I 2 1) AR AT S 53 1777 TR
3 R BE P BRIBk 22 7 SO I 77 VR H v
X3 FIAE D FE ARG M AE 28 40 4 AT S0 A K U 2%
(Mask textspotter™) & Bt SE 4 73 T W 2% 1) [X 15
LRMZE M 2% (Mask region convolutional neural
network, Mask R-CNNM) ffj#E65 (Mask) 473 3 PASE
IS I HERA K =R 2 E. 45 28 T R 2% 0 R
ERAMER KRS, H T B SR
TR TG R TAG I 2 il 207 55 2 2R 50K,
SR A T S R UK 2, 2 R R A A B K
il 40 75 22 A~ Bdfs 5 IUAS de e 1 e B SO SR S X
2% (TextFuseNet™) i F 101 /2 17 BE 5% 2 I 4%
(101-layer residual net, ResNet-1011) $ZH E1E 1)
Z AL, 1X T BUAT ) HE R R AL R 2 ), H
o BORAE A 8], AN T30 2B A T B B R AT PR Bk
HAH SR EOR I 5, B0 e TAL B REIR B
TN BYIRAESE. 9 1 I8 /ME BRI R I OR AR
R INKS B2, BIF 7T H AT EUR — 323 7 25 2 AR
7% (Knowledge distillation, KDI™). H T3 H %
A7 PR 4% FLAE SR IR B A 2%, R 2R AN H
TR, i) 2 R T 42 TH /N ARSI 245 1
PERE.

SRR AR Sy “Ili A% 2]7 (Teacher-stu-
dent learning, TSL), 3222 BUAR R — AN ORI
20T N 2 1 En RIS 45— NSRBI AR M 2% &
SR SRR ZR U8 7 VAT K 2800 X 24 TN S ) F) ARE 2
AR SR A I 28 B H A8 (Soft target, ST),
WA RSN Softmax BRI B R
HARI IR RE B, o5 723 H AR MTAE H bR (dnd 34
(One-hot) #7%%) MR BT, AR 282 A Re
FERTT. FIRAEAE B RAE S LY B2
B 7B R, E R SR A TSGR T
Az Y 4% B AR AR T VR LA Bl B AR5 R OCAR R
BRI, RBUAFAE LT = A

1) 2 A O 28 1 AN I ) 500 PR 245 £ 2 2
EBIHARRS I, Bl 2dE 48 ICDAR 20151 A1
Total-Text!" b, LG ERZEIRITIEAFE “FFERL
Z7 )R] BE A R SR RGO, SR A AN Y 24

ZA) 57 2 BE T 22 Rk B V2 25| 3K 3 B U R 2%
(100 SRR DA 2 A I 28 78 3 Wi, R P 30K B
£ AR G B AR 28T 7 A e SR AN

2) H& G RN ZE TR TR R TR B AT 1Y, 62
PERT ISR BOMBIA, FALFI T B AR,
SRAGPE BB B 20T X 2 (G 5 FURLAS K, 7R 224K
PRI [ R ZR AT 2.

3) T I SCAAS I ) 45 1 0 1R ZE PR 9 AR
IR AT B R 73 2 ) AR 2808 7 vk B N
B SCARRMAE AL b, A 5 B SOR R IR B B
HAE B £

ANET B 532, SCAKS AR 31 5033 S0 AR T
GG F S B DAE T 40 31 00 SCAKS I W 28 4
I FERT B, 2% A AR 2R A 2 0 6 B — MR ER
J& T SCARBIREZRAE. IS S5 A1 FE 23 A 43 B Y
H I F B (Segmentation map, SM), #EZAE 1=
R WA TR T B 15 B O e B /N RO S 53 #1140
W& N7 (Adversarial entropy minimization,
AdvEnt!"™) $2 2 7RI YIZRA1E X 7 #1580 5y
(1) 73 %0 P BAE BE ve, RRAELAEG, 1% B AR sk i 45
WAAER, %t =i E. B 7 9082 (Domain gap)
18 BUE SRR B 25 5, 00T 2R T B ) ST A ) A
250 T, O R I 2 R R A AE 2 BAE B
WTE 1(a) RBEARLAU SCA G BRI X8 (40 61X 1)
A B MR ZE TN, 17 32 2% X I B AIG. AL
AT () B — B R S SR B L 5 95 B
o, Wi 2 XSS B, i 1(b) 15 S Bl
AN AL AT X3, O XSO B (L2
X35). B 1(c) K5 50 BN B S0, vl ok e
BIREA BB A S (1 3 77, PIEAR ST A,
oy B E S BB 2T AR, B8 S0 42 T )
28 Fan il SCA I 25 1) R

ZR b AR SCARRT I N 25 52 T — T
5T AL 1) H 28 ZR 071 (Self-distillation via
entropy transfer, SDET), bt A& Geiili A= WX 26 0 2
FE AT VI ZR 2T X 28 1) AN 2 5 B 78 73 A1) H ST AR
S5 HME B, SDET MR B F0 H Fad s %
TR SRAG R 0T — AN SCACK MBI 1) X 5% 435 44y
M5, MR 7 2828 B T4 BRI 55 hndh R 015
SCRFAE, DR IG F000 £ &5 R B3 2 ST N o T2
AT HVRFAEA Y BEAR ST 5, H 2 TR0 ) v 12 A
WR 257 2548, MG BAEEZ R, Kk SDET
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Fig.1 Segmentation map and entropy map visualization of DB text detection network

L 10 286 8 2 0 I A5 R 51 3 45 9% 2 B I 2 Bk
FENUT R H 8. BARKUL, SDET i 75 % 2%
(3R 2 B — A4 B 73 5 48 (Auxiliary net-
work), ¥ W 251K 2 BIE B E N N 25 3 2 11 5
HAs. MITA 22 S A FER T, IR 2 T e 20m
BRIk 2 WA A=A AL, Kk SDET & —Fh
H 78 W 58, TREERM R, 5INIIH B K8
AEAE T YN ZRBY B, A5 F B ] ) B i Bh 20 25 8% BRI
FEAN 5 M) ST Ao AR 2R ) B P
ASCHITTER AT HGN A LU R = 1) A0 E 2
TR E R T SCARRT A AL B IR S —Fh 2L T3
B E 218777 (SDET). SDET LMK IEZ )
T RS B W 23R 2 I 2 I R 2 4%
5 2] SUAKE D A5 JE KR T+ N 45 BOKE B, AT 26 B
TGN R ZIT N 45 2) S5EG R FHZE
TR IEMLL, SDET AT L) 1 20 M 45 B Il 254X
i, 1 HLAETE A RO LT 4R i (EAE R A,
SDET i M4 2, £ ICDAR 2013, TD500.
TD-TR. Total-Text.- ICDAR2015 1 CASIA-10K
NN PRAEBCE S5 L RO Xt L SzaG R BH i FERA S 5L
(1) SDET & # T H A S PP RIR 2818 i, Xt —
SBHEIN T IAEF 0907 (4 3) 2 ANPRAE R 4L L
Seag it — B R SDET vl i& T A [F 4L/ FI A [F]
FIUREE P SCAAS WU X %, [ et P 3R MR 7 vk

1 tHxIME

1.1 EFREZEIBSCAREN

BT R 5 2 1) E AR 3 55 SCARAR ) R AR m]
SILESIE S uE e HEPEVIE- SR il

FTF 30 FAE BN 75 ¥E 52 B b ks WAE 42 1 5
K, R FRAS I % (40 BE PR X A R R 4
% (Faster region convolutional neural network,
Faster R-CNN™), Bk Z SRl 2% (Single shot
multibox detector, SSD®") &) f= A= ik U AKE, &

T HER KAE M H] (Non-maximum suppression,
NMS) J5 42 (Post-process) 3K 5 i £ LA L.
Liao &5 42 th o 21 o 1R (1) A & (TextBoxes)
%, B SSD I BIAE R — % B K 56 T%, BUH
IEJTTERIAAE, AR H 3x3 Bl 1x5, L&
FESEARAT BARE 55 il A [R] KN SCARRE, 5
SSD KAk 5| A2 REEIZR. Tian 52 A A A
AT IR H A e il AN [ 55 E T SOARAT AR 2 /K1
HIES:, R 5 T 1 SO N %% (Con-
nectionist text proposal network, CTPN) 5%,
1t Faster R-CNN [ 5EAl FoRs SCAAT 431 Bl 5 2 [
JE F/NEEHE, LIRSk RS FE. Zhou 552 42—
PP AE R 1 SCAR K 28 (Efficient and accurate
scene text detector, EAST), KH U LI 45 ALK
g BN AR R, IR B bR B E R
A A8 SRR R A LR RS 2%, TR ISF 35 23
AT R AN LA 53 2% B EE 2 4. ) by T KON DY
A TE AR A 1, I U452k R FH A2 7 LG (Intersec-
tion over union, IOU) $1%%, EAST JHk& 1 LAE X
EN Rl RIES e SV Nt el B

BT BRI H il Fn i Sk oy
% TR a IS A Y R BRI — A
BEM A, AR TR E RS 5T EER
ROCA. tn Liao S5 B 778 70 F1 K] AN A8 B {E
F o0 A8 O R4, T30 s A T i — B A (Dif-
ferentiable binarization, DB) [ 77 V2 ff R SCAK I
Ji Ak B R A M LAk 98 1) i) R, B D A T L1
Pk, Hoh =Pk R AU AL R BRI 1. 1 M
10, H TR SCAKT I ) oAb BE, i — 20 4 iy SUA
LI PR R FEAH RS . Wang 2509 $2 gk :UREZ S
JEM %% (Progressive scale expansion network,
PSENet), 18 i M /MZB#TY R 21 5 KR ST I SC
AT, ARG T 5 B ) FIEASBE 4 B AR AR I
TR AR R, Ye 0 £ Mask R-
CNN i B4 A8 1] 0 AR AGE, T84 51N —
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ANE 3 E1 53 S USRIUEMR 4 R Ak, FR it £
Bl 25 I 7T B R4 R R AE, 72
AR T AET ) SCARRT I 25 R Wang 507 fER 20+
T 2% b Ik 2 AN RRIE & F IS BRI (Feature
Pyramid Enhancement Module, FPEM), {34~
[F)J2 IR B R AE B8 B A 00 ), FEAE R RRAE fik & A 5
(Feature fusion module, FFM) VAN [F] 2 IR 1 4F
E TR Jl o 24 YRR AIE B T T0000 SCAC X 88, Xu S5 e
DUASKIIU PR 3 5 00A, $R U (TextFiled™) K
SCARKGIN T, A2 EHE 43 B EEal B 5l N T J7 1137
(Direction field) IRk, g7 [ R 15 3 A
AR AL B, K EEARERAR R SN SOR IS, H 2L
For IS i SCAR,

FRZRIBSBRIE

FHRZ8 1B B /2 B Hinton!™ $2&H, FSRM KM
2 (UMM ) IR ENIR BN 2 (AR ), DL
A 2 A ) R . RO AR 2R TR &0 3K
WHI4 %22 (Fully connected layer, FC) %t i
logits 241E M X 2% (5131, 58 SRR H
F5. Romero 55 ¥ J& T FIIRZAMWPIE N, WAL H
rh )RR AE B[R R R T 22 AR 26 1) 2% 2] . Zagor-
uyko I8 i Lh 2 AR ) 28 45245 20U ) 4 e )RR AL ]
(7 = 7T B R A W 2 I e, = T B
Gihi 1 20X 2% v ) AR AR B A S, DT b B
IEAE h [AVRRAE A S 4 B RAOR. HeP O T il e A=
IXR] 2% 0 00T [ 284 0 7 SRR A1 ) AN — 35, A FH TSt Il 45
(1) 1 G Bl 85 14 00T 19X % ()R i o BVE AR 23 (], &2
o 4 R AR BE 25 Sy ik A 2% 22 2] . Liu 5P 78
I REE O RUE S TP EE B NMEER A S A
G 2R I R B G 1, 42t S A R 28 1
(Structured knowledge distillation, SKD), HH14k
A4 0 AR B, 455 0T DX 24 AR A PR PR ARLABL A AT 2 ek 472
35 2 MG R AT 1) B = R IR S5 (5 5. Wang!™!
3 R NRHIEAR L7518 (Intra-class feature vari-
ation distillation, IFVD), VLA —AME R FFAE )L
O A AL R AE 2K A RFAEAZ AL (Intra-class
feature variation, IFV), & X451 10 5111 75 1%
(SKD) HIIZAZ 3R s B O AHALAE S5 ) T2 A 1
28RS 20T X 285 PR R AE AR AL

BOE BT FL ) CNG F IR 2R e 21 B 280,
H 2R AR R 5 5] B B AR, He AR 2% A2
iy oA 2 L S 2 (] — A I 2 o K IR A o 47 1|
Zr— MUK UMM 2%, 140 Zhang 250 2 H
S f 2 B 20 I 28 42 MR VR FE K1 40 B LA IR 288 47
BAMREHEE 0K, BN BNRIRZ

1.2

Oy BRI F R K H RS AR, B R BE AN E
Iy REE, IR AR S v LU R IR = R
FRABOMBERL, 7250 FAAE R AERAY. Houl"™
P T BRI, DR R SR B
NESRwmEBFEEN LTI XELR, 22248 ()
TR 2 B R A TR 2 48 TR R S ), 3 T 4
TE LAY (1) R 2 2]

AT R O TE B E 28T T ook
RS, & 2 JgoR T AR Y SDET ik
HeREINAEAENES: B 2(a) BIESHE
A — HUM N ZEAESE B SR RS & 2(b) Kol
BBy s f SRR 4 R I 25 1 B 281 EY, B 2(c)
AR A TR, SR LR S B 1 2
Bl 2(d) JRR T A SCHR H I LAE BN IE R H AR 1)
SCAKIN H 78178 5% SDET.

Bl 2(a) H I 7 2 UG B U A X 465 1) 2 E A A
REAE B DT P Ry 2 Al 2 20 TR 25— AN K BEE s P 2800
W2 (8RR, T H B =l B 28R VAR
PR28 ] By RAR MR, 2 25T 3000 W 2% 1 A g Al
Zx. SDET MK 2(b) Alrzn 770 S0l #B 5 T4
Whor KA LI E 2808, AR 2 AAE T B 2(b) Jikk
LS T UGB 2828, B— AN o AR il
25 H bR B =50, 43 2 R 2 4y R I H
PRk PEMBR 2 B A8 R 40 R A iR J2 70 R 2% 1)
HERFAE B L2 fi k. 1fi 5 H AR, SDET R —4
B KE, KWEEERATRIRESRBIER
J5, R T B — AN S U SR A S a2 R
RN R AT BB R IR (5 2Rt R % S5
AN 1 BT E /S A M RE). SDET A 2(c) At
AN TR R ) E 28187772 (Self attention dis-
tillation, SAD!) HYAHBL SUFE T BAT THB A FH 0 5 %
BEEERBMEEERNY¥, ARZATET SAD
T EAEAALZ MG 2 2 2 1B, 1 SDET H 26
HIRE R o B S B, R T — A8k
(A Bl 23 545

2 ETERMBIBHNEZRERE

Kl 3 o T AT RIH) SDET J7 7 1 84k
MEZE. ] 53 PR AN 43: 1) 38 T35 3731 265 11 3
AKTMIE LR (Baseline model), HAF s &R
B — MME R SRS NSO KA R
SDET 45 4R A H 18 51 PR e A i A5 5 005 Lo
B H 2B AR JZ N 4. 2) H 2B (Self-
distillation module), S5 _F & — N4 B 7 25 4%
%% (Auxiliary network); 72 T8I 5 4 Bl 28 4
HH FRIABE 23 PR B o i A S50 TR T A D B B I T
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Comparison of different knowledge distillation methods
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Label 1 -
1 EERE

Input Residual block FPN block

Convolution I Prediction

Refined
block layer

Transpose
block layer

Kl 3 SDET JlIZER
SDET training framework
Wbk H Z& TR, A 3 ELRAER R, Tt AT, AT
DATA AR J2 0 2% 7 250 I 2% S B T4 2% T 32 J 2 9 2%
Rl — AN R P 5 AT TR A 328 R R R SCAR I

Fig.3

AR R BT RIAR AR B W H &, PR %
TIERR G BRI 1) H 28087775 (Self-distilla-
tion via entropy transfer, SDET).
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2.1 HLER

FETE SR B SCA A M AE R AT 3 s =50 7

1) EFF% (Backbone), % FI TS 213 i KR
PREE M 4% (MobileNet™!) B 7k Z M 2% (Residual
net, ResNet") ZEEUE /R GFIN L 71 5T Hh L E &
FFAE;

2) AREM (Neck), H HAFIES 75 (Fea-
ture pyramid networks, FPNB) | JEA A E R
FHAIE;

3) K3k (Detection head, DH), FZAEH &
Tl PG B — MR R R T ORI .

—/NEET BB SRR N 58— 5K H x Wx
3 (FNH, %W RGB =id@iE) ME R T1EA
N, Gk T Mg R AR I, 453 2 A [ 2 Ik
(CO~C4 ) BFIRHE; FiESF8H A Ll RS
C1 2| C4 JZ L, A IR EA S Z2E B2
JZ2 (PO~ P3 JZ) RRAE, KX L& 45 4iE P 12 B e AiE
M N EIR I v 9 4% B 2T AR B RS A Hx
W x2 (JBEIEH 2 Bt “SUARH “H 571
T REGER) BB E PRI Sk 54 K R
(Detection head loss, Lqp ) A:

Lan = Lo + A x Lo (1)
Hrp L, FREB B —MEER SRR, L, R
N HEER A AR O, SR [25] AR AT A AR R
g, SCHR (23] R AL R, RN TEREER. AN
Al 2 18] IR 2
B IBIRR

B A& A HL A I SR BUS R, HERRRY BUoe 4
LI, Ao SRR, B 3t R, fEE A&

2.2

TRRE N SCAS R W A5 2 2 ] SR AN BRI, A 7
FERHIE B - 26 tH R 5 SR A N BBl B 4y s IR 4
S0 2 W AR <5 - P IART A0k 3 et B 2 2R A LR T
Xof RS B ARFAE PR .

HZ& M 715 5IR B M4 (Deeply-supervised
nets, DSNU') &L, [FIFEAE 32 48 1) 3 — 73 351
NGB 2% | BRI B B AN [F) 2 Ab e T, A B
251 B S AR B T 2% 5 2 523 115 B R T
A BB bR, Rz s F T B 5 2800,
B oy FI M 2 2 25 eI I GRE A R A B 4y 25 2
KA i WA 202 At RE AN PR R 2 Wi S, H LA B 1Y
LR AR IR G — BT 7. R 2R
ROBWIT A ER A BI NS, SL3 R R, EMAE
T PR A B DX 24 Z8 PR AR R A, DRI AR SCHR HY i %
Tk 145 B (Refined block™)) #4933 & 3 T
LR B 2% AN SR AN AL B N R AE L, DA
HISRA 2 NIl S8 T RBOR . B 4 45t =M B
26 EAITIE LT AN [ I 28 RIS 1Y) 32 9 2% FHAN [) 42
R STAAG I 73 0 Sk, A2 78 Fi S 56 o FATTRE A7)
A B DX 28 %oF 1 2% U ) 52

V8 Bh I 28 (R S N RETE 2N FM (Feature
map), P45 # % H2 r FIEL 128 SM (Segmenta-
tion map), WL HZLE S (K4 H %) IdA
RF(Refine function), 4B 28 7] 45— K& N

fr=Conv(FM) (2)
fr=RF(f1) 3)
SM = Upsample(c(Conv(fr))) (4)

K (2) — (4) o, MFFE & 35 % IR IE F M
2 i G AL IR, /53] RF 8% ARFAE (In-
put features, fr); % /OB RF XJ fr i —0HE

Segmentation Map

Segmentation Map

Sigmoid
Upsample
Conv
Sigmoid | Conv_|
Segmentation Map fa Conv ©
>
Upsample
fr Sigmoid Conv ©

RF,

RF,

ConvBnReLU

RF,

B fi

Feature Map
A

K 4
Fig.4

B

Conv

Feature Map

f'

Feature Map
C

B 2 1) = P Sl R T 2

The three types of auxiliary networks
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FRIEAS 240 RFIE (Refine features, fr), &4
eSO frIBIEEIE R 2, fH Sigmoid B % H
MEZR, B JE i ECK (Upsample) 25 E RN, 132
AT ot i N A P SCAS AT 56 1 T &85 3R . A [ 4l
B 2% (1) FEZ X I AIE RF E, RF 51 SR RRE
Fr PR DIRS 4H BV RFAE fr, G0 4 PR, $2 BRI
25 IR R R T R D = PR A
A M RF BLHGZR ERAE] 3 x 367,
RFA(f1) = Conv(fr) (5)
B RF it & Ak B T30k [35], JefiiH
3 x 3 B HUL AR ANRFAE £ FHEEH, R )5 k46
JE RS fr e, R AE 5 Je /i 51— 2>
X &3 x SBHBIGERRIN, 52 fr.
RFp(fr) = (Convi(f1) © fr) ® Conva(fr)  (6)
C M RF Wit R BSRIE T 3CHR [24], Hzt
AR B BTN R G PHEA R RHIEZ IR RHE;
53gk [24]) A, 2 (7) FIRERHE £ BRS5PE
FIE 5 (concat), H HAIEERE T FEMAN T #EH
—4tJZ (Batch normalization, BN) 1 ReLU i BR%L.
RFco(fr) = concat(fr, ConvBnReLU;
(concat(fr, ConvBnReLU,(f1)))) (7)

2.3 RKEH

FRATTHE SCAS S IR 1) = 10X 2% (s Sk 1

d, % K2 FIEIC N Py, 18 B 28 S 4 B 73

KEILN a, o EIEE N P, RAEAS R

S, B LT AARR (R, w) B SR 15 B

185 PRI FLB T ORI R P O) R 115 5
fige phw. 1) 52 SUH

Erw) — _ (phw.0) s og, (P 0))
+ P o logy (PO 1)), (8)

UL J2 90 4 v B X 4% 1425 95 P14 L A )
E FoR.

N T Bl B 2 i e 2 ) P PR A R e
Sk BB RS B — 2, SDET f/MEHAE E45
IERHUR (Entropy transfer loss, L ), BUE/ME
T

1 b w)
L = > |Eg - B
¢ H x W & |7 a )

R, RSBk (Loss, L) BLHESCAK I K
TR Lap, AH ZEBIK Ley:
L =L+ X Let (10)

For oy 2 P SCART TN AN B 2SR S 4, TEA T

BT A S, BATTRE o [5E B0 1, BI Ay S B
R, THHINEZ.

2.4 IN&FGE

WS 1 PR, IR, SR 2R B 2K P
e e ) B X 2% R P 0 AR S i A\ P R,
Iy 22 HE L R MU B X 2%, 2% B T i P 4R B
M — MR SRR, #2050 (8) KL ity
F R, E I MG (10), [R5 2 AR T A
G 2% . YR 1k 25 AR AR AR AR I HIA B T8
T E. DB B W T il B 0 4% 5 R AT Rl 9 2%
FPN HERE, (PPN ARGl Sk th A 45

3% 1 SDET 457 HE
Algorithm 1: Self-distillation via entropy transfer
Input: Dyy.qipn: Training Data;
d(-;04): Text Detection Model;
a(-;0,): Auxiliary Network
Output: the optimized parameters 07, 07
Initialize
04 < kaiming_normal (0);
0., < kaiming normal (6, );
for epoch = 1 to epochs do
foreach minibatch B in Dyyqin do
Py, FM + d(B;0y);
P, <+ a(B;0,);
Calculate entropy map F4 and E;
Compute self-distillation loss and total loss L;
Update 04 using Vg, L;
Update 0, using Vg, L;
end

end

3 X

3.1 #HiE&E

ASCSEI R T SCAR I 7T R ) 6 AN
R

ICDAR2013%%: RAtF 462 ik H, IIZER
R 229 5k, H4y 233 sk IR, SO Al A
SCI EAKEXS 55, SRRt R 2 AN B im] AR

TD500°7: F 300 5K K A H T4, e
200 FKAAMREE. TD500 £ds 4 LA L E T I
TESCAKE, A& 95T, DT N RALFRE.

TD-TR: FATZSFHAH I CHR [23, 25] HIE,
F HUST-TR4008* 48 4 B 400 7K B Fv 8 i 2



8 H

¥ i

48 %

TD500 I 4, Rt TD-TR dE4EAH 700
sk IIZREE, MEE 200 5K.

ICDAR 2015 234 1500 5k B F, 2 Bl
Z74E 1000 KA1 500 FKMBREE. o T H A iR 85
M gria R, R BB, o RN
720 % 1280.

Total-Text: Total-Text B & J7 7 I
E AR A, 38 7K (R R T SCAS RS il 1 SCAS T
WEE. Hrp Il gh4E 1255 5k, MA4E 300 5K, brid
AL A FLIA].

CASTA-10K™): HE4IL4H 10000 5K EHE, H
o 7000 7K B H T4, 3000 7K UG T8, %

PR RAR B 30 5, B SCARAT B L DA T
AARR.
3.2 THMERR

MRAE ICDAR 2015 PFAR 7™, ATHIAE B4R
LRI IR % (Precision, P ). A HZ% (Recall,
R) M F1 134 (Fl-score, F ) REZRE Al SCAA I
BOEMERE. THE P A R KM T A2 F HE (Intersec-
tion over union, IoU ). ToU H1 % ¢ AN I A T
HE D; 1% § M52 (Ground-truth, GT) G 12 [8]
SRR H BAE 2 35 W2k ToU > 0.5, izl 45
RAIEW. BARE X ToU TN
area(G; N D;)
area(G; U D;)

Hrr, area(G; N D;) Marea(G; U D;) 73 MK R G,
Dy B AE S AN AR XS AR AR AL I 25 R 1) ToU
AL IR A P HEAESE & T, MIKETAZE P .

IoU = (11)

A% R F L,
- (12)
R= |TC§| (13)
3.3 ZHRE

SR H BRIV A SCATIR H B B BBk, Y
R BRI ERATX W, BB A 2
HIESARE, G5 \ £ FTE B3 Hi R 3
RIEF N BRIUBESHORE, UM ERE IR
FEBEFERE AN, KRR IHE B Re it — b
PRI PERE. X T B, E S
BNy 0 2.3 B, AR BE v =1, JE5Es%

56 2 I R R E A5 T B T I T RS 40 R 2

FEVH RIS, FRATEH E T 2% 5 MobileN-
etV3 ] EAST BIALK 5 H B 2R BRI R0 J0 3=
B 2 A e ko Bl S B6 240 R FH AT A Al AL o 13k
(1) DB M58 53 Ji 2K Ff MobilieNetV3 Fl Res-
Net50 ENEF M % (Backbone). U155 A K51t
B, BRI s 3 0k FH BE ML e (—10°, 10°) FkE
HUBTH. N T RIEAHE B A7, II1Z: EAST BHIl%k
B 48— 45 R 512512, % DB I, 4%
640x640. Mok 2K FHHBENLERE T £ (Stochastic
gradient descent, SGD), Ff HA#H 2 W25 2] %A
NS, N FE T M4 /& MobileNetV3, LK/
(Batch size) &N 8, YIIZk 1200 #&, Ml Z: Res-
Net50 i, #ER/NEEE A 4, FFEIZR 1200 6. BT
SEIEET Pytorch ¥ &, 7EHLK 1080Ti &R _E k.

HRSCE

155 FH E 2818 07 92 7 25 e an el 5 v 3 R A B
53t UL R AE R 4 7 55 (PN AIE 2 IR0 32 4 2K
BB e, NIERASFE AN B 2RI
M, FRATELER T 4 1 3 FhdiBh 7y s vt (H-A, -
B, -C %&J/r) X SDET fJsmi. ICDAR 2013 1
ICDAR 2015 %4l ERSEIR &5 Lk 1 H R, H
1t MV3-EAST /DB %75 31 M4 R H] MoblieN-
etV3, 2 #ELAd ] EAST Bi% DB ) SC A K Il 42
. Method 51|H1f¥] SDET-A/B/C Fo i F ] Firi
By 2ds. SEg gl R, MR — AL, R
AN S B 43 25 8211 SDET 1 REAEAE 22 5, il tnst
T MV3-EAST, fai# A #4400 7 SDET HI{EH, i
A1) B BRI C BUEEEA [FFZEE 32Tt baseline
1] F1-score; A [RIME I X4 Bh 70 K28 F Frim 4, 0
MV3-DB Hid&&H A &, i AER A MV3-EAST
BRKIETH B Y, X AT BE R B A [ (PR 6
TE I A AL Sk, C BEBh 7 KA
Bk, WHA BT MV3-EAST £l MV3-DB #:£;
PRI Fl-score. Foe i b 1) st gh BRI A—FL

Hk, T M I R4 & B A0t
FHIE & PR X SRR R A I BT R G = R i R
s SE BAEZ B985 S, F AR Z R
FEAE, 40 PO ~ P3. DA b AT DA $52 4 Bh 2 2R 2% 1 42
BILAH 44, AT MV3-EAST {4 baseline &
A, £ ICDAR 2015 #¥a4E 25 18 A B ) A7 B %
SDET [fszm. seibst insk 2, H+ SDET-Px &
TN BN 4 E R TE Px AL E B WSS IR, mT LIS
HAE P2 A1 P3 A7 B A B K4 A R T SDET,
PO A1 P1 240 SDET M. He % s

3.4



x MRidt b s — 5 BIER I SCARR AR B 72810 5 7% 9
F 1 ARG SA T SDET HIZW (%) ICDAR2013 54454 FbAT*E G, Pui HAE MR
Table 1  The impact of different auxiliary £ IR ﬁﬁ%ﬁliﬁiﬁﬁ%‘ﬁ\ﬁ}zﬁﬁj{%, 4y ) R

classifiers on SDET(%) FEGE 105 2 — BOTAESERG JUR AR I, B STV,

Model Mothod ICDAR 2013 ICDAR 2015 FitNets”, KA® F1 SKDE B — 2 R SR AT

kR F P R F [¥) | 818 773k SDP A1 SADI. Horh, ST R #6#

baseline  81.7 644 72.0 80.9 754 78.0 ﬁufﬁlﬁ]é@,i@tﬂ B@ﬁf\'f’hﬁ%$'fﬁ, FitNets ﬁjﬂ‘_ 1.2 Té‘ﬁ

MV3-EAST SDET-A 788 65.9 71.8 788 76.3 T7.5 %/J\ 'f’t%&ufﬁ _ %ﬁi Iﬁ] é%, E{J EP [‘ETJ l}l%‘:ﬁE IZEI’ l;]l:#ﬁE ﬁi—é‘

SDET-B  84.4 66.5 744 81.3 77.0 T79.1 Z_\‘#ﬁﬂtj‘, ,Ti)}ﬁ 1x1 %*R%’f”t, KA ,fim %*Héﬁﬁ_ﬂj

SDET-C_SLE 074 BT TS0 TS e R S LA R 52 R

baseline  83.7 66.0 73.8 87.1 71.8 787 ZIEU E‘Jiﬁ@ﬂ, SKD 'fﬁﬂﬂ KL E&gxﬁ%%zmﬁ _ %ﬁ:‘

MV3-DB SDET-A 84.1 688 175.7 86.5 73.9 T79.7 méﬁﬁ%u IZEIJ: E,(Jy/l\,fg{% ){_:—l\ ﬁ%%, ﬁ?ﬁ’\]ﬂ?ﬁﬂﬁﬁ

SDET-B  81.1 67.3 73.6 87.8 71.7 789 Xﬂ_m E@*H 1u‘ri%ﬁ|3$, SD E’ﬁ‘?ﬁ@?iﬁ E,:]#)%n

e me 0 T TR B BT MBS, IR SR E AR L

%2 ARFEHES T A E A SDET-B (M50 (%) BAEIR R 77 K281 B A%, SAD DURHIE 6 25 1

Table 2 The impact of different feature pyramid REI A EE R LIERE ZMEH *ﬂ—i, a0 P1

positions on SDET-B(%) JERER BN ZAEERRZ P2 2.

Method Feature map size P R F igﬁqj, #é‘fﬁ%ﬂ (baseline *ﬁiﬂ) E‘JHE:FIW?%

baseline 809 754 T80 K H] MobileNet V3, 737l ff F v 1 — LA EAST

SDET-PO 16 x 16 9.1 758 774 VE D985 J 1 SCAS R 4311 Sk, 28000 1Y) 24 U)o 32
SDET-P1 32 x 32 795 76.5 78.0 WX 2% B #: A ResNet-50.

SDET-P2 B T W 3 I 4 6T LU HA S O £ 28

SORTPS ;s sie o ma {@jydk SDET {ERFRAER SRS F K A m

IORIZ— 30, IR R P2 A1 P3 HIRHIE R
STRONETE, R TR ZHER, T PO A PL Y
RRAIE B R = A I 75 2 A IS Z A 19 (5 2., DR 2 R s
22 DRI, FRATT AT AR S A [7] 1 32 X 285 deh R AT 1)
RE I R SRR FEAH N 1) & FEE AL B, Sea6 A, FRAr]
RIS TR EHM L, 11 MobileNet V3, ] LLik$%
P3 8 P2 LB, X T T M4 N ResNet50 1X
FERIR N ZS ) K dmiBh o R iE 82 P1 2.

2k DB Ml EAST B[ F1 424 Haks, FFHUE T i
R (I A ZEIE - 8 FriE KB F-
score). JUHZ7E ICDAR 2013 H#E4 L, fHET
baseline 122 2E R 2%, 23k [H 241811251 DB A
R R, HREMFL 5 HH 0.4%. 2.8%
1.9% 4R T}, [FIRE SDET A 4R T+ EAST KR )
F1, M 72.0% #2755 74.4%. B 5( 0 F TUI0HR) @
i3 ANESEEE BSOS R R R T
SDET X 2B M (A P48 ) (I PERESR T, Horp
% (a) TG TAE R T SCRBTEALE (B

ST P
35 HERBEAZEAL FLORAE Ground truth), 2 (b) 7 H17ER R T
AT SDET A F A S0 MR e MU =00 R 5 52, JHRAE A0 5
#* 3 MV3-DB 7EA FIHHE 4B ARE RS Ie a5 R (%)
Table 3  Experimental results of knowledge distillation of MV3-DB on different datasets (%)
ICDAR 2013 TD500 TD-TR ICDAR 2015 Total-Text CASIA-10K
Method P R F P R F P R F P R F P R F P R F
baseline  83.7 66.0 73.8 787 714 749 83.6 744 787 87.1 71.8 787 872 66.9 757 88.1 519 65.3
ST 82.5 658 T73.2 77.0 73.0 749 84.6 735 787 85.4 722 782 874 653 748 88.8 49.4 63.5
KA®) 82.5 66.8 73.8 79.5 713 752 86.3 725 788 85.0 733 787 85.9 66.8 752 87.8 514 64.8
FitNets® 84.7 654 73.8 78.6 733 758 853 740 79.2 856.3 733 7838 874 675 762 8.0 52.3 65.6
SKDE! 824 688 175.0 81.2 706 755 84.8 745 793 874 716 787 874 670 759 88.6 51.6 652
SD# 83.5 67.8 T74.8 794 722 756 8.0 740 79.1 85.1 73.0 78.6 87.0 676 76.1 87.1 52.0 65.1
SAD!" 82.8 66.7 73.9 787 723 754 873 72.0 789 86.7 727 T79.1 86.5 67.1 756 884 50.7 64.4
ours 84.1 688 T5.7 80.6 722 76.2 8.6 746 T79.7 86.5 739 T9.7 875 684 768 874 534 66.3




10 H Z) ¥R 48 &
R4 MV3-EAST EAFHERE LI RINARSIGER (%)
Table 4  Experimental results of knowledge distillation of MV3-EAST on different datasets (%)
ICDAR 2013 ICDAR 2015 CASIA-10K
Method
P R F P R F P R F

baseline 81.7 64.4 72.0 80.9 75.4 78.0 66.1 64.9 65.5
ST 77.8 64.9 70.8 80.9 75.1 7.9 64.7 65.1 64.9
KA® 78.6 64.0 70.5 78.2 76.4 7.3 67.7 63.0 65.3
FitNets! 82.4 65.8 73.2 78.0 77.8 7.9 65.4 64.2 64.8
SKD® 79.5 66.3 72.3 81.9 75.6 78.6 66.6 64.7 65.6
SD# 80.2 63.8 71.1 79.6 4.7 7.1 66.2 63.5 64.8
SADM 81.4 65.6 72.6 80.2 76.5 78.3 65.7 64.1 64.9
ours 84.4 66.5 74.4 81.3 77.0 79.1 70.8 63.0 66.7

SHER WEEF A 5 (c) ITHRIJTHEE/R SDET
WNGRJE R RA I 45 5. B 5 Fra] LLR B, (b) H
FELR AT 1) TN 285 AP AEAS ML S H) A e 4k
RIS B, T ZE AN 25 0 9 2846 00 L ) 45 S AR
oA R AN (SR B 5 — 1 P R 1 2P T A 3
HNFERPD.

()

Kl 5 SDET 53200 Al & SRAT b (a) HSARES,
(b) FELEBRKTINSE R (c)SDET YN g5 RRE A I 25
Fig.5 Comparison of detection results between SDET
and baseline models: (a)ground-truth; (b)detection
results of baseline models; (c) detection results of
models trained with SDET

XFEHEER 3 e 2R A E A R S 4 1)
LU AE R AL T MV3-DB 24 M % Hoy
AT U — B RS e S . ) W dE /N B s
£ TD 500 b, G2 ae A FREE LIRTH
SRR FLOFRAR, SRIMTE K — S i B 45 L
ICDAR 2015. Total-Text 1 CASIA-10K I, 45k
BRI T 1R DA P s 2 A s [ PR RE R B,
Z I RE T R, R o AT S I ST 7

L ORYESCHR [13] kT RR 2R BRI 5T, 1T
FIE 110 JBE IR 2 250 TS XX 4 R 2 A R 4% 22 [) F) 2 > g ) 2
PR I AR AR R E K, JEH & 7E CASIA-
10K IX ZSHEFE 5 KR 46 b, 52 SR8 Z BE 5
B, SRR I MR RCRBRIK. WS 4 R
Bt F MV3-EAST 224 M5 R &K IGR T
SKD. SAD FIA i SDET J7iksh, Hog 2477
ERERE — R ERERE T, 1Tl SDET $&H o .

RPSR T, AR SCHE 1) E 7818 77 SDET 11
BING—NEIMM L PEOL T, £ 2 NS AL
REGE e & W, HEFHINEZS. Tl
Gr— A IE BTN A TR B RN AF, i 7 2
e KB RIAZ, AR EL N E 20 42 m] R
2 PN A7 RS ] P 7 THD ) 75 2K, I Ry SR A N =)
PERETRTE, BRI B A TR KRR 35

3.6 FURMESENEE

SDET J7 AR B M 4% (Deeply supervised
nets, DSNUY) AL, 12 #7522 /240 B o R 48,
FEMAFE ST SDET 47 K8 i B S 5
K HIRZ 7 A T &5 R 5 B, 1 DSN Ik
HARZEAE R T X EE e R, RATTE $is 4
ICDAR2013. TD500. TD-TR. ICDAR 2015.
Total-Text Ml CASIA-10K %5 SDET 1
DSN P F 5 AR5 3T 25 5 MobileNet V3. 7
#|S & DB [ SCAR M B2 . AR 5( LT BT
o, AR EEE =M ETRRR F-
score) A LA R I SDET 7F % %4 5 L AL RE B A5
AT RE.

7t SDET H, ¥R 273 481025 21 H bR AR 20K
IR J2 53 48 IO 45 SR 1015 24, 1X Py SN RE I &
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# 5 DSN 5 SDET #EA F¥dE 4 EMXFLE (%)

Table 5 Comparison of DSN and SDET on different datasets (%)
Method ICDAR 2013 TD500 TD-TR ICDAR 2015 Total-Text CASIA-10K
letho
P R F P R F P R P R F P R F P R F

baseline  83.7 66.0 73.8 787 714 749 836 744
DSNM 844  68.0 75.3 79.7 715 754 864 722
ours 84.1 688 T75.7 80.6 722 762 856 74.6

87.1 71.8 787 872 669 757 8.1 519 653
858 734 79.1 86.1 679 75.9 879 523 65.6
86.5 73.9 T79.7 87.5 684 76.8 874 534 66.3

#® 6 SDET AL LT RES50-DB IR (%)

Table 6  The effect of SDET on improving RES50-DB on different datasets (%)
b ICDAR 2013 TD500 TD-TR ICDAR 2015 Total-Text CASIA-10K
Method
P R F P R F P R P R F P R F P R F

baseline  86.3 729 79.0 84.1 759 79.8 87.3 80.4
ours 82.7 772 T79.9 79.9 81.5 80.7 87.2 83.0

90.3 80.1 84.9 87.7 794 833 90.1 64.7 75.3
90.3 821 86.0 87.4 81.8 84.5 86.0 68.7 T76.4

W2 BRI — NPT RE SR R 2 G B R & E 2 1E R
. ME 1A UUE S RO T B 0 S
B B—J7 T, MECT DSN s E A AR
5., SDET ¥#)2 4> K28 115 B bE & I SRk ARAS b
BB, RE KRBT shA S, —
ANE A B AR H 2 S FE M 5 B, B
M.

3.7 HEEKMLE

& G5 R AR 28 08 7 15 R AR 30N 1) 2 AR T 4
by SR A R BRI S A N g T A
Zh— AL 5 AR 25 K AT 22 B0 N 2% . 451 il 25
Backbone N ResNeth0 P45, ] Gt < 75 2 1)l Z&
ResNet101 M4{EHMM 4. M H R EEAISE S
IHETR, TomE IZRIE R B 4%, s B 2. Al
F =T M58 ResNet50 [ DB AR 2 {E LR AR
£ ICDAR2013 %5 6 P44l 4 FigzH SDET #t47
H 2810, HET % EEMNE Pytorch EAIZRH
ResNet50, A ] 2AEHAR, LN, A EIE
Gi— N 736 %736, 45 R UIFE 6 Fiw.

M 6 7] LA 23] SDET At H BRI Res-
Net50 fIPERER DL, 7E/S M EHE4E - Fl-score ¥ H
I (EER), /£ 8dE4E TD-TR. ICDAR 2015,
Total-Text f1 CASIA-10K E¥A#E 1 ME DA
e . X LSRR nT DUR I, KRR P IR
3%, Fl-score M3EF K A T SDET R EH$EH T
AR A a2 R, £ &N EARE SRS T 4.3%-
5.6% 2.6%- 2%~ 2.4% M 4.0%. WRHEX (12) A
(14) FIENA [FIRIETE B T A Rk | Tp | 38K,
A REJR R R 2 R Ak B IR E KR E R
I WS B I 2, I 3R 9 4% 2 ST 000 25 () SR O T A
I NNAER, (6153 ToU Wl K, |Tp| HFE2 32 5.

4 ZEip

ARSCHEH T — M TE BRI B AR
J7i% (SDET), T B U A KA. SDET
7o T $E HT I ZRBOT W 2% , AXLEDIZRBY Bods in— >
bt VR 4% A 3 A JEL 00 F4D e ARE o8 S AR RS A 2 g
YERE, BESTEIR KRR 7 4 9 A7 ROl i [ . 7
ANATAT bR AE SR 4 005t B s 3 R W) SDET
T0 TG A0 1) 1 2 1 R B AT AN [T RS R /)N (1 R 45
B (40 MV3-DB F1 ResNet50-DB), Eb AT 40
R R AR B E B A% . SDET KA
B ZACAETANBE FH TG 12 F7AE [1] U5 1) A Ao ) B
2, Bl CTPN® R 1228 W 28 38 A i Hh oo A4
B AR TN, AR TS B, ik, A
SCALBETE T 3 Bl AT S IR B X 2%, T AN [R] R SO A
A5 X 45 1T e T EAS 5] 0Bl B X 2, SR SR ERAT TR 4R
R M K LEHE RS SDET 454, @it 330
LI B DX 2% (14 45 ) DA SRR A 10 A B I 245
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