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ABSTRACT

Polyp Segmentation using Hierarchical Inter-Level
Attention with Transformer

Author: 20314689 NGUYEN HUU THO
Supervisor:  Associate Professor  YASUNORI SUGITA

Polyp segmentation is the process of precisely identifying polyps in the colon and
analyzing their characteristics in detail using medical image analysis technology. Deep
learning is widely used to take into account the diversity of polyp shapes and distributions,
to reduce the burden on physicians, and to lead to early detection. Recent Transformers-
based models have shown excellent results for polyp segmentation: the self-attention layer
of Transformers-based models acts as a low-pass filter, effectively capturing long-range
dependencies. The ColonFormer model achieves high detection accuracy with the same
number of parameters as the CNN model. However, the ColonFormer encoder is a type of
Hierarchical Visual Transformer (HVT) that often propagates feature information in one
direction from low to high levels, which is not ideal. Local features are extracted at the
Higher-level with low resolution, while global features are extracted at the Lower-level
with higher resolution. Since there is important information at different stages, cross-
propagation is considered necessary. In this paper, we propose a method using HILA to
selectively extract important information by fusing Lower-level and Higher-level features
with the aim of improving the accuracy of polyp detection. By applying HILA to a model
using a Hierarchical Vision Transformer in semantic segmentation, we can better control
which features are fused and which are not fused by Inter-level Attention. So we expect it
to produce good results when combined with Colonformer on the polyp dataset.

In Experiment 1, the test results of applying HILA to one stage of ColonFormer con-
firmed that HILA works best when applying to stage 3 of ColonFormer for most of the
datasets. When applied to two stages of ColonFormer, ColonFormer + HILA S23 and
ColonFormer + HILA S34 were more accurate. These results suggest that the best results
are obtained when applied HILA to stage 3 of the ColonFormer and combination between
stage 3 and other stage.

In Experiment 2, we compared the accuracy of the conventional method and the Colon-
Former + HILA S3 model by being the best effect when applied to stage 3 of the Colon-
Former. Accuracy of ColonFormer B1 + HILA S3 was higher than that of the conven-

tional method ColonFormer B1 for all data sets. The proposed method ColonFormer B1



+ HILA S3 outperformed ColonFormer B1 by 0.8% in DICE and 1.15% in IoU for the
Kvasir dataset, and by 0.6% in DICE and 0.8% in IoU for the CVC-ClinicDB dataset.
In the case of the Kvasir and CVC-ClinicDB datasets, the accuracy of the model that
applied HILA to ColonFormer B1 stage 3 was higher than that of ColonFormer B2. The
number of parameters of the proposed model ColonFormer B1 + HILA S3 was about
70% of that of the conventional method ColonFormer B2. For large data sets such as
CVC-ColonDB or small polyps dataset like CVC-300 or high resolution data sets such as
ETIS-LaribPolypDB, ColonFormer B2 was much more accurate. In other words, larger

models are needed for more complex data sets.
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1.1 WEE=

1.1.1 Semantic Segmentation

v T4y IR I R T2 avid HEEBENOZEE 7 I EEID Y TS
RAZTHDB, A7z MI 1 OFREERODERIMKTH2GE0H 5, Z
IR EREHGRCHEE R TIHEHEN S, TOXRZIE, B 7 EAIITIN
N T I VEREEEMNT. ERNOBE 7L SNIVOEERERT L1
Fo TEHINS, FHCHBEIEIN T, Hil, 7H. K@, i, EKoO
R E O EZRHE LHEE T 2701l Nd, ERERDEH TR, AR X #oD
BT — R P SD AT ) —= > 7 ofiih % U CTRIAZ NI D,

1.1.2 Polyp Segmentation

KIGHIA (Colorectal Cancer) D FPHICHBWT, RV =7t I X 05— a VHE
B EI 2RI L TWd, RKIBDXARERE. RV =T oETLUTHRIET 220, K
Y — 7 ORRER Y RIGEDPNETDH 5,

RV =TI Xy T7—=2ay (X 1.1) & EREGEREN 2 D TRBADRY —
TEREEICGEN L. ZORMEEZFEIC NS 5 T n v XA TH B, KV —TOKRR D
MOZEEZER L. EMOGHEZERL. BURRICOLB 572012, REFSED
IEEREIN TV S, BE, FICRY =TI A T =2 a Y IZBW TR AL #H
INTVWEFEREIE, BAAA=2—F Ly b7 —2 (CNN) IZESWTW5, 1Zk
AEDETA YT = ayETNME, Tya—X—t7a—X—%2&% UNet[1] R—
AD 7T —FT 7 F % (Pranet[2]. Caranet[3] 72 ¥) ZHHALTEDH., IO TEFEA
ABEPORERIND, CNNIEZET RV T =2 a YRR TENI T 4 —< VA%



1.1: Polyp segmentation

FIELTOWE T, —EDHIKINDH 5, CNNIFZETIRESI ATV 0, ZEfHa
YTFXFA e u—oUVERZEA L. 1 — 2 UIER L 2EIE T 220,

— 7512, HwIED Transformers[4] R—RXAETFNLOHOATFEEBIZT — A7 4 LA —¥
L THEEE L. ZhRANICRWEIPHOMRERRZHE X 2 Z & T X %, Transformers X —
27 I)LDHZ ColonFormer[5] & 703 m WA G E 2 58 L T\ %, Transformer
N=ZETINVDRRNFNT X=X =K Z2WT T, ColonFormer Tik CNN E 7L
YEITRT X — X —ETHIUIHRHEFEE DT ColonFormer @ J5 A3 HLERINIC K 2o F20 72
B. ColonFormer @ Refinement Module 12 & D RV —FHROMHEENETE 5, L
2 L. ColonFormer ZFHEDINEFHNCAER T 2 L BRFIA T — D1 — A IVEHED 72 <
2B ATREMEDE V. BB BLANVICRL ZEHERERD DD FTOT, BRDEIAT—
PORMEME T 5 I LB L EZ 55, HILA [6] &I Hierarchical Inter-Level
Attention DM TH 5, L~ T4 v 7 I X T—a iZBI5BENE—Ya v
N7V RAT x—~<—%HW=ETIIZ HILA Z2i#H 35 2% Z £ T, Inter-level Attention
KXo TEDRHEZME L. COREZMAE LR Vwr% XD BEYNCHIETT 2 Z & AT
x5,

1.2 ZEHB

KX TR, RV -—2HHEEBELYMET2ZZ2HBE LT, Lowerlevel £
¢ Higher-level K2Rl &3 2 2 & C. HELERZERICHIL T % Hierarchical
Inter-Level Attention & i\ 2 FiEEIRR T 5,



F1E LD

1.3 FERX DB

AL DU RDED TH %, 1 BTIE, RigXOWEE =KL HRE IR,
52 B TIE, BEMRICOWTIARN S, 5 3 BT, IBRFIETH S ColonFomer 12
HILA Z#H 3 2 Z 21220V TR 3, 5 4 BT, RBEECIERED R ER 21T
W, BEZEOAMMEZ R, FH5SETIE, KX ZBELTOE LD L SHROMEL R

N5,



EB2E

BLE ST

2.1 Convolutional Neural Networks

Convolutional Neural Networks (CNN) 1%, ¥fica > a—&XE Y a YO TIAL
FHINIEE=2—I N3y VT =T D7 —FT 7 F v+ Thb, FVETIE, T
FTHRENEL RZZETRBEZME T 5, Lowerlevel R, mWgBE T
0 — URHEZ /R U, Higher-level R, (KWRRE TEERERERE R T,

UNet [1] 1. BEEEHBEEL I X T—2a Db CNN 7 —F7 7 F v
THb, UNetld, =va—&Xe7a—XDty b oI nsg, =¥ a—XiZik,
BHRABBLIOT =V 7L A4 vEEn, ¥z, 7a-Xiid, 7y 7
YTV (FET7arR)a—ray) LAVYEEARAALA POFEHIN., &
FCHEHBO TR ZITS, ZOHROMATIE. AFy FHHZEAL T UNet Z&E L.
ZEEHAAHBDEIZDICK ZEROERZER L 72, 72720, BV L L DEHRZ R
Fid 22T, MRERZIKT ¥ 2 /4 XEEREMT 2 AREMNDD 5, UNet DZFET
» % UNet % DoubleUnet [7] &, RV =TI X T7—>ardr—Xty N TER
TAERZEMR LTze UNet 13, BARZHES ZFROBEHDO AR S/ UNet D v b &
LTHREIN, —flozya—X2HEL, 74 —TFTX—=R=ANA X FEHFZHHL
THFETH¥E § %, DoubleUNet i%, 22D UNet 71 v 7 Z &, ASPP [8] B}
SE[9] 7 v v 7% L CREERHRE I Z M L X8 5,

2.2 Vision Transformers

Vision Transformer (ViT) (X, HRDEZ X 7T 2H LW 70 —FThH b, i
X [10] T Dosovitskiy I2 & > TEHA XNz, MROBAAA=2—FL 2v bV —
7 (CNN) B LD, VITRE VR T7 34—~ — 7 —F77F v 2AHL T, HIE
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RIS BT 2 RICIHD N7 =< VA EBT 5, ZOHEFHRT Ta—FF, av
Va—&—bYaryonFicHiizagtzdis Lk, VIT E70E, Eiffz—E
Db—7VZHEL, L7 7Fvyay XAZIALZEALT, HEH T3 2T
BF 220752 =2 e —IZERLENET S,

2.3 Hierarchical Vision Transformer

R DR E DEE T VIT XEREICB O TENERERLTOETH, K&
BREBOEY T4 v 7 v TR T —2a v R EOEBETHIZ Z 7120 L TIEEHE
BERDIR 20,

7B, BED VIT €7 L0 —F Vid, #awPiceko vy F o —F v A2 ks
522 TEHA, THITTERTH D, BERHEZ LV, ZhsoEICE D, PVT[11]
R Swin[12] ZE¥D XS REERI LY a Yy SR T +—~<— (HVT) EFADFHEX
N7z,

gAYy a >y + 5 A7 +—~— (Hierarchical Vision Transformer., HVT) (.
EEERERPHET ALY a YRR ZICBWT, I YR T x—<—DHRWEME R
AEDLETEHWEREZRET 22y VNV =07 %77 F ¥ ThH 5, HVT IZFEEMN X
FIEERBROBIFICESZ Y TS, BEERUEOGIARE T, KL LR (Y 2,
TIAFXRYE) DED., THhPRLICELVORE (WESPHER) ANefa3h
%, ZHIZED, EFVZEGNOMEZHMRL, X EMERLY Y a v X2 713G
T& 5,

HVT OEAFEIZX, P VR T+ —~—D7 —F 77 F v BEEHEINS, TV
A7 —=—F, AT 7TV ar XA X L% HH L CREEOKFREGRE Y
L. BR2MNEOEREMHAGDOEZENCEATVS, 22X D, HE2KD L
MRz L, EELRNE2HETE 2, HEBIINEI LRy FIZnElEh, &y FI&
NIURAT k= —DATIE LTINS,

2.4 ColonFormer

241 Z2EKETI

Colonformer[5] 1, =¥ a—&-7a—XH#ii&E & Refinement Module A& HH 72
RV =T I RX T =2 arTHEHINSET AT, RV —7OERE XD RRMIC
WS 2 DI D, BRI 2.1 12RT,
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2.1: The overall architecture of ColonFormer ([5] & b 51H)

242 TYI—4H

Colonformer M€ 7 /L&, [13] THEZR S 417z Mix Transformer (MiT) 2 > 2 —X D
Ny ZR—rve LTERZEN S, MITEEERE 2y P A 74— —D—fT
HH., RIVFRT =R~y 7EERTE 2, X e REWXC 2 A HEH{e L, W
O Transformer 71 v 7 O (K 2.2) ITERAT—INEREH 2% X 2% xC; &
ETE 3 (i€ {1,2,3,4}). AT —Y DIZ Overlapped Patch Merging (2 & D % v
FIeou— DNV ERETE 5, MiT 7' 1 v 721X, Multi-head Self-Attention

_ |, Layer _ Efficient |, Layer . ;
Norm Self-Attention Norm Mix-FEN

2.2: MIT block

(MHSA) Layer, Feed Forward Network (FFN), 3 X ¥ Feed Forward Network @ 3 DD
FEREIHBEENSD, MHSA X, IR RV T7 T aviiiBZEEINL, X
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. BT 7T v ay LAY — O BEOEMI ERIET 27012, ¥ —OBDMRE
RZ %, MITIZld MiT-B1 25 MIiT-B5 £ TON—=Y a ¥ 23H b, 7—F 77 F v
BRI TR A AREL S, MIT X— a iz Z2uxd)is LT, ColonFormer
B1. ColonFormer B2, ColonFormer B3, ColonFormer B4, ColonFormer B5 & % H{%
1 %,

243 F1—4A
A 4
Y Y A 4 A 4
Pooling Pooling Pooling Pooling
Tl - 1x1 1x1 Conv Convlix1 + ReLU
! } | il Upsampling
Conv Conv Cony Conv ————» Feature Flow

| Coﬁcat |<—
|

2.3: Pyramid Pooling Module (PPM)

Iya—XOE#ETey ZpofidhiRl~y X, 7a-X Jay k@
WTBHNC, FTEIIVv R =V V7 Y2 —)L (PPM) [8] IC & - T X %,
PPM 135 [14] I X DB SN, [8] IT& o TEXHICHEI Nz, PPM IXEL 2 Y
THEBEOa Y T X 2 MEROBERE I SICE LT DIC, B 27— L OEHR%E
GH. B a0 BB CRR A ERE SUREN L 7 a - OLERID M ER S N
5, 231, ¥793Iv F =Yo7 Y 2a—L%Z2iH#MIZ/RT, ColonFormers 3.
UPerNet [15] 12 & D Ta—& 7—F7 7 F vy 2HH L. Z4UZ UPer Decoder & FES,
7 a—XE, PPM IZ X o TERESNLMUHTO Z7a— L <y 7% MIT Ny 27 KR—
VXK o THERINI 2 IVF AT — VORI~ v 7 RA G T 5,

2.4.4 Refinement Module

WEEY 2—E, RV —=7OHEAZHARRL T, 56 R — 7z X535
BZNRT F— AR LXEZ 2 E2HNE TS, FDEY 2 —Li2iX, Channel-wise
Feature Pyramid (CFP) £ 2 —/L [16] (X 2.4) &, #HLWEREIZEFER L TdfkX
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2.4: CFB block

LW Y 7> ay Juay 2Rgsh, BENICHAES 2, 77> avE
¥ 2 — )L Reserse Attention[17] ¥ Axial attention [18] A& %5, [2] TEA XN
Parallel Reverse Attention network architecture Tl, RV — T DK E i EFRHED A
PR~y THARDBEVEIOHEISE NS, BT T a vy AT . HY
ETFHENRY — FHEHEIEB I, KODICXDEEIrLT v I T Y v
7ENT, LD IEMTREE2RRNE~ Yy 7OMERE N5, RA-RA Y 2 —)LITASHI
2. AT = (sl 82, s3) DFFHIE. Fr 2V DFE Z I v ¥ (CFP) TEA
ENTEMTHE2F vy 2N T DRHEEZ I v FCFP 7ry 7 %@#is %, CaraNet
[B1&D. SAVFRF—L La—TZra—XhroiMEMt sl xns,

245 MES

ColonFormer D LY a—XETIE, RT7—I 1 02627 — 4 T TREENIEEN
WHAEREIND, —fIZ, v —AAREZHE T 2 1ERIE, Lowerlevel FiIcHHN %,
—77, 78— VUK Higher-level FicHN 5, BARRICE — 2 VRIER Y —
TDOLy Y, INSHRFEMEEBED B, 20— VR BISREF VDT, R —
TORBWRERD Z N TE S, FEZIEFRICERT S L RmIIRT— DR —7



[F] —
2 Lower-level454£1
&
- = = =
] A — —
= = = =
B o - <« Higher-level4F 4
[ [ [ [
& &L & &
Al 75 & 5

2.5: ColonFormer’s encoder

VR4 72 B ATREMED BV B, BLNVICRRZEERIFRYEH D T DT,

MTERFST 2 ZEPRETHD, MITERFT LI EPBELEZIONS, LD

TET, K26 ICHKRL TV BN BRI ORI 72 5 ATRETE D B,

ColonFormer

OFHHER

2.6: False negatives and false positives in polyp segmentation

EXRIET D DenseNet [20]. UNet [33] 2 EDETIVIX, Hix 3 27— VR E#ME

352 TR~y 72%E Lz, ZDHIZ Skip-connection & W5 £flinidh b £3
. FEEMET 270 cay br—p R T, FMEDPZOE TG SN,
DB NVERELET 2 e BOEEL 5 X 208842 H 2 DT, FEERE T 5K

DB NEREINZ 2 TTEPRBEEEZ BN,
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2.5 Hierarchical Inter-Level Attention

2.5.1 Inter-level Connections

HVT =Y a3 —XDR7 =< Y A%A LB 272DICRINKDD 2 HED 1D
. HHROMETH 5, RO HVT TlX, MBIy FO~—I v 7 Tut kil
CTIERAER SN, ZOWHORT v 7R B2 TERRZEEL LB TERZ O E
ML L7, FEEROEROEAX, VIV AT 4 —~F—Tra—FT 4 YT AT
HICERR 2 LAV TRIENGMHEERZREST 2 2T, ZofR2RRT 22 &
ZHM L 3%, DenseNet [19] &I Tld D3Net [20] 72 ¥, WL DDy a—&K ik,
Ny JR=V Iy aA—RIZERERZRB. WiET LU ~ud 6 A L ~ouiZmiy
T—HAOMEMIEZ (X E %, HRNet [21] 1%, B—O@E&EY 2 — %N L TH
FIOEAAAEREZFROLYy a—X BT 5,

A DOWFFED T TIX, HRD S ET-2RORBE 2 T2 Z L ICER LY TTE
D, BT —2NOBEBRBELEREST 2 2 BT 5, ZOWRDEHNEL LT
Capsules & GLOM 23% b, ZZNFERHR RO E AT 728 L WFEZHENT
35,

Capsules 1%, [22] RE DX TN EINS L5112, RIEMBREM 713V X L %ZA{f
32, 2O7LITYRALIE, ELRILDG TRV EEKL VDR OBDE b YT
ZIRIRS 5 Z 2T, SEREENOEME L BERZ L S 2 DIT&RILD,

GLOM [23] PR L7=FIETHH, Rba7 v e by FXY v OMHAEHDHA
BOEZHEHL T, IXRTO UL TR Z RIS 5, GLOM OFEER., FE
BRI R OPEHICRE L TB D, aiENRAIETEH -2 EZH L2 &5
55,

Visual Parser [24] 1X. ZDOHTORIOEDHATH D, FEE T L ~IL L 2K
LAV EIT %, 2O DERRZREIEEWVICKIBEINICERINE I, EFHon
t ZIZFEEADE T L RVICEREXNS,

2.5.2 Hierarchical Inter-Level Attention

HILA[6] (Hierarchical Image Level Attention) (X, Transformer 70 v ZIZA T —3
(ERIDRT =Y -1 DfEicaxryaryz{Eb, HILA ®7 4 7 71X Higher-layer
DR % Lower-Level DFIE AT 2 2 Td %, %8, Inter-Level Attention 7
o v 712 & b Self-attention (2 & D Lower-level F#f# ¥ Higher-level R D BI{RE A %
FHEL. 20HEACEDRE@MEZI Y Pr—LTE S, TALDERT v IT— 1
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Yaxiaxd = A3 DA
H2FE BERIE
Higher
0 Self Attn i Self Attn N,
-Level Stage € XZ — 5ed —>X£—> oo —)X[
TPatch Merging
Lower Self Attn _ |
Level Stagef—1 lel
(a) Standard Transformer Stage
HILA block
______ Bottom-up Update ®
Higher 0 { : Self Att : N,
€. n s
-Level Stage £ XZ — 5 . i N X}EAQXE
1 1
T Patch Merging | H
1 1
1 1
Self Attn ! Self Attn i 1
Lower Ne Ny +i—1 _
e T X e — X5 R ¢
Stage £ — 1 I\Top—down Update /I

(b) Standard Transformer Stage with HILA

2.7: HILA Block. (a) shows the standard hierarchical vision transformer block. (b)
HILA block with Bottom-Up and Top-Down Update.

DOFM72EIE, XD 253 Hir 2.54 it E b,

2.7(b) 1%, BEHED HVT A7 — I HILA ZBMML72dD%ERT, XR—ZAD HVT
7—FT77F v IIRNLT, HILA 28452 27 —JICHEAT %,

X? % Higher-level /& LT, X é\i‘l‘ 13 Lower-level #1272 3., &4 HILA 7
2 v 7 (i = 1) & Top-down Update % A ¥ » 7' L. Bottom-up Update DA% #H 3 5,
(K 4b5%) HILA AT — CICHAIN 255, BHIED R T — ¢ % Higher-level,
AID AT — €1 % Lower-Level £FEXR, i(i €0, ",Ny) B —FIZBWT, EHL
Higher-level £#& X! . B# L 7= Lower-level ¥#1% X)';'"*' T %, Higherlevel ®
RRICER X N F8% | Top-down Update 71 v 7 i@ L T, HEZIZ Xt],\i”l"+Nf_1 D
R R Eh 5,

2.5.3 Bottom-Up Update

Z @ 7'1u+ 23 Bottom-Up Inter-Level Attention ¥ Self-attention Layer 233 5,
Bottom-Up Inter-Level Attention ([X] 2.8(b)) {2 & D Higher-level {# & Lower-level 4#{#
DREEEATS. K 2.8(a) IZ & D Higherlevel i~ v 7 X, OFIZR—H 1%y
F Ppy RO, ZFO%y FIZHIGT B 16 D Lower-level R0 & 8 %, Inter-Level
Attention 7' &t 212 & D % Lower-level & Higher-level ® 12— A Lo% v F Py, IZEK

AN BAfRDIK 21X & Higher-layer \ZIRIET 2 FRICHEBNDIKREL LS, ZDORIC, T
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2.8: Top-Down and Bottom-Up Inter-Level Attention.

BANERINCY v 77 — b a3, BEBRVIEROEEEZMZ 5 ZEHTE 5,
Inter-Level Attention Tl&, [4] D@D IFEEERXONET 7> > a v 2HEHT %, 7
2t 2 dD A J11% Higher-level F## X{’; (howy € RIXde v owerlevel Bt XN+ ¢

€—1,Ppy
R16><d571 zﬁ%%o :h%%ﬁ:}:]} Q =q (Xé)\ *—k (Xév_fl—,l;i)\ {E V=yvy (Xév_fl_j;l)

WK T 5, 22T, g k. viZERZVY 7L BTHEINSELERL A Y —T
Hb, Rz, UToEBZMEHL Ty 7> a v EilET 5,

T

. . K
attn (X}, Xﬁ"l";’) = Softmax (Q =
’ ¢

FRIE LY 2 —F 4 > 2 B &, Swin Transformer [12] IZHWTEME NS, Hind
% Bottom-Up Inter-Level Attention D FEHIIRD & 51272 %,

+B)V 2.1

XY = X} +aun (X}, XV 15 (2.2)
X;” = aX} + BFFN (X}) (2.3)

Bottom-Up Update DM N1%Z i & i” £ 35, a & BlE HIODATL—=>avnb
ENL T OERZFEMT 2R T 2N =TI X—=RTDH 5,

Self-Attention L £ ¥ —IZ-D\ T, Inter-Level Attention % {# ] L T Higher-level ®
Rz B L72%,. R LXLVORMETIoMRzmEIE2, Zhd. X—20
HVT €7 v ®D Transformer 7' 1 v 7 %2 5 [E#% Self-Attention L' 4 Y —ZHHT 2 Z &
WKEoTEHEINS,

X/ = SelfAttn (X.) (2.4)
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2.5.4 Top-Down Update

Top-Down Update 1. Higher-level DF##T Lower-level DFz EH#i 55, 207
o+ 2 % Inter-level Attention & Self-Attention Layer 233 %,

Top-Down Inter-Level Attention Layer Tk, % Lower-level DR X é\i‘l‘ "{+ }f’w} €
RI>de-1 130 K 4 2D B L~V DR X{’;,P*hw e R puo—HnyFL
V7L oTHN—ZNDS, T T, P, 1T Higher-level DR O BZRT (n €
{1,2,3,4}) n = 4 DHHE Lower-level DD KHE 5713 4 O D Higher-level DR
WKHN—ZNDB, n=1DEFEIZ 1 D Higher-level DRI A ANE NS (HEDIHRF
2E)e

Top-Down Inter-Level Attention Layer (3. [X] 2.8(c) {Z7” 9. & D 7' 1k X Tid Higher-
level DFFHED L NITHIS L. EBRANCEALIL 72 B2 L~V OFEREDS Lower-level #F
DEFIEF X%, Top-Down Inter-Level Attention DFEHNIIRD & 5 IZFHET 3,

X = X aun (X)) 2.5)
X = aX N BERN (X)) (2.6)

Self-Attention Layer (2D T & Top-Down Update @ Self-Attention Layer & [F] U &
512 Self-Attention Layer Update #7179,

X = selfaun (XY 2.7)
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3.1 ColonFormer+HILA DIRZE

HILA % ColonFormer D LY a2 — X DA T —IIZHAT %, T>a—XOWEMRICH
D 2.4 Hi D X S Inter-level Attention Self-Attention & A 35,

3.2 BEETI

Outputs
Self Attn

0 _*2 42 2

Bottom-Up Update Bottom-Up Update TPM
X0 Inter-level Self Attn Inter-level |Self Attn _ o 2
2 Attention - i(s —| Attention X3 > 1 X3
TPM
Self Attn
0 %2 o Inter-level | ¢y o 3
X9 =5 x2 Attention — X5 X5
TPM
Self Attn
*2
Xy = X7 X?
Patch Merging (PM)

*2
XY = X7 X)— XX}

3.1: ColonFormer’s Encoder with HILA applied to Stage 3 (HILA S3)

3.1 Tl ColonFormer’s Encoder ® 27— 3 1Z HILA %5 L7-#TH %,
HILA 27— 3 1EANT 558, 27— 312 Inter-level Attention £ 2 — /L %
ANT, A7 =3 2 KREBRIER SR E~ v 7% W T Bottom-up Update %17
W, A7 =Y 3 DRI~y TEEHT S, A7 —Y 212 Inter-level Attention €Y 2 —
V% AT Top-down Update 21T\, X7 —Y 3 OEHFH LK~y 7 TEHT %,

14
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AT7—=Y 3, 4 CHEAT 25G P3WRKHEHAT RO e A LR L TH %,

v
(K 3.2 2%%)
Stage (4) Bottom-Up Update Bottom-Up Update Outputs
T T
Inter-level Self Attn Inter-level ! 1
0 Self Attn _,
X3 | Attention ‘1{4 Attention — Xi - XZ :

I 1

Stage (3) Bottom-Up Update Bottom-Up Update PMT : ;

Inter-level |Self Attn 1 1

X9 Inter-level | Self Attn 1 Inter-level |Se lf Attn 2 3 s X3 | S1v3)

B Attention — X3 —| Attention AUED S X 31

_— M Top-Down Update | !

2262) satain Inter-level | ‘

0 *2 2 P Self Attn _ 5 " 3!

X — X3 — X X

5 1 ]

o Top-Down Update | !

Stage (1) Self Attn : t

*2 I

Py | X3

o

Patch Merging (PM) =7
0 _*2 0 1 2
X = X X)X —X]

3.2: ColonFormer’s Encoder with HILA applied to Stage 3, Stage 4 (HILA S34)

3.3 EFILOEFE

72 3.1: Definition of symbols

Parameters Definition
2 X Ry F=—=Yarviry :L\*—:‘/af/jJ“—Z\}l/
A X
s, RyFx—YaryRK)a—YayYA+74F
HAX
de AT —=IDF % 1N HA X
Ny 2AF—YHNDTay 7O
Hy Trrvya RIS ANy RO
E, 74— F 77— FEOIAR
R, ZEREIHE/ MR O/ N TR
HILA e, Be THERACIEERL
Se HILA VEHENZ A 74 F
Higher-level & Lower-level
re BRI BO B — LSy 594

IZFLE. AN R=NTX—RDEREERL, UNORICHEHLZ T XA —&—
BFER 31 WCH NS, [EREOBER T — Y DFEMIERETIEER 32 1TRT, #BREOL Y b
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T =7 DERT — Y OFFMIERIZR 3.3 LR34 1R T, HE WEZzhZHASHEIE
DEE, \BTH 5,

HILA @ Top-Down Update @ Self-Attention Layer (&, JTD N v 27K — > D Self-
Attention 782 v Z LRI UNA NR—RIRX—REfHT 5, 7a—FAy FIZoWVWT
F. TRTONY IV R=VETILVDILDETNERIU T X =R Z{HHT 5,

3.4 ETFTILOFEE

RZE T, ColonFormer & [A] U X 5 12 Weighted Focal Loss & Weighted IoU Loss
WO IEKEEE LTHMHT 2,
Weighted Focal Loss (L RO TEEE NS,

Lo povat = - i Z}Zl(l; ﬂﬁx)a (1-qij)" log (gi)
i=1 24j=1 (1+28:;)
@, y ZTBERREIRNA R=RF X =R TH 5,

Weighted IoU Loss IZA FORTEFR SN 5,

3.1

Lo =1— gl Zj“; (gij *Pij) * (1 +/1ﬂ,-j) a2
o L1 X (81 + pij = gij = pij) * (1+APig)

AF, BEEDHEA B OWEBLRTI2DDNA =5 X—=RTDH 2,
EE T 2 7L E D SEETHAIY I AL DIA[REELD D, ZD
Y7t (i,)) ODEEMZEAR B;; TRT 2, Bij FUATORITERINS,

Yim.neN;; §mn
Bij = |————— — gij (3.3)
NG|

pij BEV—F 25 RRBT B2 G j) OFHELETH 5. p;; EAFORIC
EFEIN D,

2 Py ifg=1
q4ij = { 1 —p;j, otherwise (3-4)

ColonFormer DE&EEEIL. 3.1 £ 32 FHEIC k> CatE XN 3,

_ Lwtocal + Lwiou
-Etotal = D)

RELFEE LT Adam ZHVWTEER SN S, FERIT le -4 1T HET 5o

(3.5)
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% 3.2: ColonFormer’s architecture specifications

Stage Output Size Component ColonFormer B1 | ColonFormer B2

K, =7 K =7

Stage 1 % o % Patch Merging S =4 S =4
d)y =64 d; =64

Ry =8 Ry =8

Self-Attention- Hy =1 H, =

Layer E =4 E =4

Ny =2 Ny =2

K> =3 K, =3

Stage 2 % o % Patch Merging S, =2 Sy =2
dy =128 dy =128

R, =4 R, =4

Self-Attention- Hy =2 H, =2

Layer E,=4 E,=4

Ny =2 Ny=2

K3 =3 K3 =3

Stage 3 % o % Patch Merging S3=2 S3=2
dz =320 dz =320

Rz =2 Ry =2

Self-Attention- H3 =5 H;=5

Layer E; =4 E;=4

N3 =2 N3=6

K4=3 Ky=3

Stage 4 3% o % Patch Merging S4=2 Sy=2
dy =512 ds =512

Ry=1 Ry=1

Self-Attention- Hy = Hy=38

Layer Es=4 E,=4

Ny=2 Ny=2
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%< 3.3: ColonFormer + HILA architecture specifications

i ColonFormer
Stage Output Size Component
B1 + HILA S3 | B1 + HILA S234
K =7 K =7
Patch Mergin S =4 S =4
Stage 1 % X % S8 ! !
dy =64 d =64
R =8 Ry =8
Self-Attention- H, = Hi=1
Layer Ei=4 E =4
Ny =2 Ny =2
K, =3 K, =3
Patch Mergin S, =2 S =2
Stage 2 % X % Sine 2 g
dr, =128 dy =128
a’z,ﬁz = 0.5, 0.5
So = 1
Inter-level
_ N/A p2=4
Attention Layer
H, =1
E,=4
R2 = 4 Rz = 4
Self-Attention- Hy =2 Hy =2
Layer E, =4 E,=4
Ny=2 Ny=2
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# 3.4: ColonFormer + HILA architecture specifications

) ColonFormer
Stage Output Size Component
B1 + HILA S3 | B1 + HILA S234
K;=3 Kz =3
Patch Mergin S3=2 S3=2
Stage 3 % X % Sing : :
dz =320 dz =320
a3,,83 = 0.5,0.5 a3,,83 = 0.5,0.5
§3 = 1 §3 = 1
Inter-level
' p3=4 p3=4
Attention Layer
H; =1 H; =1
E3 = 4 E3 = 4
Ry =2 Ry =2
Self-Attention- H3 =5 H3 =5
Layer E;=4 E;=4
N3 =2 N3 =2
Ks=3 Ks=3
Patch Mergin S4=2 Sq4=2
Stage 4 3% X §V—2 Bing
dys =512 ds =512
a4,,84 = 05, 0.5
S4 = 1
Inter-level
‘ N/A ps=4
Attention Layer
Hy=1
E,=4
Ry = Ry=1
Self-Attention- Hy =38 Hy=38
Layer Es=4 E,=4
Ny=2 Ny=2
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411 FT—=2tv

£ 7 LE Kvasir £ CVC-ClinicDB @ b L —=> 7%t v b (1450 ) T2EH X1,
Kvasir £ CVC-Clinic D7 X bt v b 27— %t v FTRHMfix 3,

Kvasir[25] . / 17 = —® Vestre Viken Health Trust (VV) TR EER&SR 2@ H L T
NEXNT =Xty b THD, BHRIZ, VVBXUE LY 2 — DD ABERFT DR
BELREHBHRECL > THERERL RN B I ORI TWS, ZO7—Xt v b
1%, 720 X 576 225 1920 X 1072 ¥ 27 AL FTO X £ X FRMEED 1000 KO Hi#
THRIhTW5,

CVC-ClinicDB[26] : KIBNHEHDO L FA LS 7L — 2B LT — X RX—2ATH
5o ZOT—XEy ME, 31 ONMEES — 7 Aol X7z 384 X 288 ¥ o &
LD 612 MOBEBRTHREINTWS, ZOF—X+Ey ME, MICCAI 2015 ® HER
V=Rt F Yy L UPD ML= FRETHER X N,

CVC-ColonDB[27] : Machine Vision Group (MVG) 12 & » T X172 CVC-
ColonDB (&, 15 A D F&F W\ K5 N AR 81 B [ 5> & S U 72 SRR EE A 574 X 500 v 27
£ D 380 WDERTHRINTWVS,

CVC-300[28] : CVC-300 i%. 36 N\OEEI LIS SN2 4 DT FHY =7 VA
LIF 5T 60 KOEBRTHR SN, KDEHIRT—XLy PTOTA MLy FTH
%, Endoscene ¥ MHIN 2 & h KL T —&XEy FO—ETH 3,

ETIS-LaribPolypDB[29] : a1/ 2 a ¥ —Fffin & D 196 KD &R EHE {5 (1226
X 996) DALy arThb,

20
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%% 4.1: Experiment Conditions

Test-set Number of images
Kvasir 100
CVC-ClinicDB 62
CVC-300 60
CVC-ColonDB 380
ETIS-LaribPolypDB 62
Total 664

4.1.2 FHMEIEIZ

4.1 X O BIBIE. BEEE. BIEE, BEEEoHET 28N 5,

ERRE R HEERE R HEERIEI5 & IE AR D LB T
FP: False Positive, FN: False Negative, TN: True Negative, TP: True Positive

4.1: Difference between FP, FN, TN, TP

IoU (Intersection over Union : {237~ 3 & 512, ToU (Intersection over Union)
. 200ty FEOELUEEZRTIERTH 5, FIES (Union) I8 L THEES
(Intersection) DEETEHE T2, 220Dty WA B ThHLERETS L., IoU X
UFroiTtitREsh 2,

TP

" TP+FP+FN
IoU X025 1 0HEFHZED, 1IEWEEELUERNESN E2RT 5, 72720, A
¥ BOMANEESTHIH5E, oUIX1 k5,

Precision : PHIZNBHEOFCEBRICEETH 2 EEZ2 RTIEETT, 2F D,
ETADEGEE TFRHILZSDDS5 5, EBRRGHETH2H0DHIEGEZHEL X7,

IoU

4.1

TP
Precision = ——— 4.2)
TP+ FP
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WERIZ, BEEEZR/NRICIIZ 2 Z e NEELRGEICRHICEETY, flxiE 2
ADH R Y DBEBEZHTIX, Mo THIECHET 220D % . THERIFESR
DENZEHRES SR IIAEERD D £ T, 20D, HAREEWIEZY., 7L
DIEHEEDIEVE S X E T,

Recall : EFEFDOGMHED S B, ETADIELLGEE THILZBIEZRTIEETDH 5,
2F D, 2EROEUET Y TIADSE, EFANELL G FHlTELEEEFE
35,

TP

Recall = ——— 4.3)
TP+ FN

BHHRZ, ETADEEY Y e kT 2 e 2 R/ANRICNZ 2 2 e EERGE
WCRHCEHEETH %, HIZIE. BADREZ Y DEFEZI T, B> Iz /s
D s, BWURBECEHONADERZRTAREELRD 2, 2070, HH
RIFENNIE, ETLVOMEBENENE R %,

Dice : Precision ¥ Recall DFFFIFIEICH2 5,

2 ~ TP
S TP+ 1(FP+FN)

Precision Recall

Dice = 4.4)

4.1.3 REREMH

7% 4.2: Experiment Common Conditions

) 90% of Kvasir and ClinicDB
Train Dataset .
(1450 images)
Kvasir, ClinicDB, CVC-300, CVC-
Test Dataset
ColonDB, ETIS-LaribPolypDB
Evaluation function Dice, IoU, Precision, Recall
Batch size 8
Learning Rate le—4
Optimization Method ADAM

FEEHESLMFIER 42 1073, FE T —&Xi& Kvasir & ClinicDB ® 90% T»H 5,
BODWT AN T =R L THHT 2, 43 I1ICEKDFEBK 1 TIT HILA 28225 R
T—JITHET 5 DIFEEIT 5. ImageNet[30] 7— X+t v b THHA(IZ ColonFormer @
Pretrained Weight (& HILA EAM R W, L —= V7T 23R ¥V FAZES,
HILA %#HO#EHIZ—DOR T —Y 8 ZDAT—ITh b,
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#4412 X DHEBR2 TIIHILA 235 % € 7V L IERIEDFTER & L L. HILA OFhR
ZHERE T %, FB&R 2 Tl ImageNet 7 — X+t v b T ColonFormer+HILA @ Pretrained
Weight (HILA EADH 3) Zff-oThL—=2 27 %K<, HILA Z#EHOHMIZ—
DRAT =V =ZDAT—=ITh b,

7% 4.3: Experiment 1 Conditions

Model ColonFormer + HILA

Mix-transformer
Bl
Version
. ColonFormer @
Pretrained Model
Pretrained Weight
Stage 2, Stage 3, Stage 4

Apply HILA for

Stage 2-3, Stage 3-4, Stage 2-4

7% 4.4: Experiment 2 Conditions

ColonFormer
Model ColonFormer
+ HILA
Mix-
transformer B1, B2 Bl
Version
) ColonFormer @ ColonFormer + HILA @
Pretrained Model ) ) ) )
Pretrained Weight Pretrained Weight
Stage 3
Apply HILA for %L
Stage 2-3-4

4.2 KERFER
421 HBR1

HILA % ColonFormer ®—2 X7 —JIZHH L7z DAERIFR 4.5 1R T, 7 X M
Rickh, ZF0F—&+E v Mk LT ColonFormer D 27— 31 HILA %@ 3§
e —BNRDD 2 L HERTE T, £ 4.612&D ColonFormer D D27 — JIZ5E
3 %355, ColonFormer + HILA S23 ¥ ColonFormer + HILA S34 OFEEDE D - 7=,
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DFEEIZ. ColonFormer D X257 —3 3 12 HILA ZHEAHL, X7— 3 &fho X
T =Y DMAGEDEICHILA ZH#HA L7258 ICREOMREIELNI EEZ HN D,

% 4.5: Compare Results when applied HILA to one stage

Dataset ColonFormer Dice IoU | Precision | Recall
+ HILA
S2 0.922 | 0.869 0.941 0.920
Kvasir S3 0.918 | 0.866 0.940 0914
S4 0.919 | 0.867 0.944 0.914
S2 0.924 | 0.875 0.926 0.930
CVC-ClinicDB S3 0.930 | 0.880 0.926 0.948
S4 0.927 | 0.878 0.929 0.943
S2 0.887 | 0.815 0.846 0.958
CVC-300 S3 0.892 | 0.824 0.856 0.956
S4 0.875 | 0.802 0.832 0.958
S2 0.792 | 0.709 0.809 0.827
CVC-ColonDB S3 0.810 | 0.729 0.850 0.817
S4 0.794 | 0.712 0.815 0.821
S2 0.753 | 0.673 0.733 0.845
ETIS-LaribPolypDB S3 0.756 | 0.677 0.742 0.840
S4 0.762 | 0.686 0.750 0.858

422 KER2

TRAMERIZE T, IRTOTF =&ty MERE L g L T ColonFormer Bl
DET VI HILA Z@H L7 BT VORI E DT I3&ED o 7, #RRIETIE. £ 4.7
¥ 3£ 4.8 12X b ColonFormer (2% L T Kvasir 77— &+t v b D&, DICE T 0.8%.
IoU T 1.15%. CVC-ClinicDB 7— %t v + D355, DICE T 0.6% . IoU T 0.8% _E[A]
BIERMBE SNz, 2B, Kvasir ¥ CVC-ClinicDB 57— &2+t v » D4 ColonFormer
Bl DA 7 — 3 ICHILA M L7727 /L DOFEED ColonFormer B2 X D & - 72,
£ 41212 &b, $82E 71 ColonFormer Bl+ HILA S3 D35 X — X —EUIHERED
70% RETH 23 Z L PHERT =72, CVC-ColonDB @ X 5 I KK 7 — Xt v + <o,
ETIS-LaribPolypDB O X 5 2 & 7 — X+ v » Tl&. ColonFomrer B2 @ /5251
ZDIEEDRE V. DF D, KO EMLRT -y ML TIE, KD RERET L
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% 4.6: Compare Results when applied HILA to two stage

Dataset ColonFormer Dice IoU | Precision | Recall
+ HILA
S23 0.920 | 0.871 0.941 0.919
Kvasir S24 0.919 | 0.865 0.940 0.916
S34 0.914 | 0.865 0.937 0.913
S23 0.936 | 0.888 0.930 0.950
CVC-ClinicDB S24 0.930 | 0.884 0.925 0.945
S34 0.932 | 0.885 0.929 0.950
S23 0.866 | 0.792 0.823 0.957
CVC-300 S24 0.893 | 0.825 0.861 0.952
S34 0.897 | 0.830 0.875 0.944
S23 0.793 | 0.711 0.816 0.821
CVC-ColonDB S24 0.802 | 0.722 0.829 0.825
S34 0.807 | 0.726 0.843 0.820
S23 0.766 | 0.691 0.746 0.840
ETIS-LaribPolypDB S24 0.744 | 0.668 0.734 0.822
S34 0.739 | 0.667 0.730 0.798

PDREIZEZ N5,

X 4212 &> T, IEREDHERICIIRY =TI RV 2A%2R) -l sh
7e23, HILA %23 2 L BEEHEOR B3Rk Lk, M43k, ERED
FERIERY —FTHEEZATTH, KUY —=FTE Ve HK L, HILA Z@H L
T OBIEEORIEDRETEE L, K4412&D, BEERY —TDH2 L BEND
BRI ED o7, RaAT7PEr o7z, K452 XD, HILA 235 % €7 L DFER
DEL R DH B, UEDZ T, NEWVWRY =T LT, WELEDBEE
FA%. BB, BEEIIHN LU THEEDPEL BRIV DHZDT, ET LD =%
TIRXR—BEHBET D2 PRBEEEZOND,
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7% 4.7: Results of a model without HILA and with HILA in Kvasir Test-set

ColonFormer B1 ColonFormer B2
ETN HEXIE HILA-S3 | HILA-S234 PRk
HILA 72 L HILA 72 L
DICE 0.917 0.925 0.919 0.923
IoU 0.865 0.875 0.871 0.870
Precision 0.940 0.947 0.946 0.941
Recall 0.913 0.919 0.914 0.919

% 4.8: Results of a model without HILA and with HILA in CVC-ClinicDB Test-set

ColonFormer B1 ColonFormer B2
ETIN PR HILA-S3 | HILA-S234 PRk
HILA 7z L HILA 7z L
DICE 0.924 0.930 0.938 0.927
IoU 0.875 0.882 0.888 0.878
Precision 0.924 0.918 0.931 0.924
Recall 0.935 0.959 0.952 0.947

% 4.9: Results of a model without HILA and with HILA in CVC-300 Test-set

ColonFormer B1 ColonFormer B2
STV PERIA HILA-S3 | HILA-S234 IR
HILA 72 L HILA 72 L
DICE 0.878 0.879 0.872 0.891
IoU 0.808 0.807 0.802 0.821
Precision 0.843 0.842 0.835 0.854
Recall 0.952 0.955 0.955 0.956




7% 4.10: Results of a model without HILA and with HILA in CVC-ColonDB Test-set

ColonFormer B1 ColonFormer B2
=TV PERE HILA-S3 | HILA-S234 PRk
HILA 7z L HILA 7z L
DICE 0.794 0.802 0.800 0.810
IoU 0.714 0.723 0.718 0.729
Precision 0.810 0.843 0.805 0.811
Recall 0.840 0.822 0.847 0.868

% 4.11: Results of a model without HILA and with HILA in ETIS-LaribPolypDB Test-set

ColonFormer B1 ColonFormer B2
=TV PERR HILA-S3 | HILA-S234 PRk
HILA 7z L HILA 7z L
DICE 0.758 0.769 0.761 0.787
IoU 0.681 0.700 0.682 0.710
Precision 0.744 0.746 0.729 0.746
Recall 0.853 0.849 0.869 0.910

% 4.12: Number of parameters of different model

MODEL Parameters (M)

ColonFormer B1 22.00
ColonFormer B1+ HILA S2 22.56
ColonFormer B1+ HILA S3 23.69
ColonFormer B1+ HILA S4 27.70
ColonFormer B1+ HILA S23 28.25
ColonFormer B1+ HILA S24 29.38
ColonFormer B1+ HILA S34 2991
ColonFormer B1+ HILA S234 31.22
ColonFormer B2 33.04
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?

(a) Grouth Truth (b)fEsk ik (OF=35
ColonFormer B1 ColonFormer B1
+HILA S3
Dice : 0.941 Dice : 0.950
loU :0.887 loU : 0.904
Precision : 0.937 Precision : 0.986
Recall : 0.893 Recall : 0.917

4.2: Predicted Image Example 1 (Kvasir)

kg
(a) Grouth Truth (b) RSk HE (c) BHRIE
ColonFormer Bl ColonFormer B1
+HILA S3
Dice : 0.588 Dice : 0.932
loU:0.416 loU:0.872
Precision : 0.869 Precision : 0.989
Recall : 0.444 Recall : 0.880

4.3: Predicted Image Example 2 (Kvasir)



(a) Grouth Truth () TERIE (b) $R-FEIE
ColonFormer B1 ColonFormer B1
+HILA S3
Dice : 0.455 Dice : 0.614
loU :0.295 loU : 0.444
Precision : 0.683 Precision : 0.858
Recall : 0.341 Recall : 0.479

4.4: Predicted Image Example 3 (Kvasir)

(a) Grouth Truth (b) TEKIE OF ="~
ColonFormer B1 ColonFormer B1
+HILA S3
Dice : 0.949 Dice : 0.935
loU : 0.903 loU: 0.878
Precision : 0.983 Precision : 0.900
Recall : 0.917 Recall : 0.974

4.5: Predicted Image Example 4 (Kvasir)
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AL T, RV =T IR T—yaryOfEL2A LS 2 2 % HMIZ, Higher
level F## & Lower-level Fi# % ZE AR A S % ColonFormer & HILA OfiA G HHE
ZEEERRE L, B1ETE, RV—TE X7 —2a VICHTIFE Riwx
DI EIIZ DWW TRz, 8 2 BT, KL ColonFormer 12 DWW TRz, 7%
B, HILA &\ 5 RELS OBl b iR 7z, % 3 ETRIRREL ETLVDREICOWN
T L7z, B4 ETRE, BEREOFNMEZHER T 572012, A—o¥ET—4%%2H
W T ColonFomer + HILA ¥ {2 RIEDFHlEER 21T - 72,

52 S1&D:FRE

AL TIE, EHRIETDH B ColonFormer 12340 & Hierarchical Inter-Level Attention
EFHOWZFEERRZELE, LAL, BBEOEFNVEZEELERELIATVWRWI ¥ T,
NAR=NRIGRA =R EHET 5 DPRETH D, BB, BT —&Ly MTHL
TlZ. ColonFormer B2 X 5 K ZRET/WIC HILA OFEAZHET 5 Z & BRER
rEZLND,

30
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FiTET, $ WXOFECBVWTEZDOITHEREHE X L, AEELRRERK
FHIRZ. BELEREEE 2 o RN B ECHLE L BT £ 9, &R, K
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