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ABSTRACT

Sequence data is widely used in bioinformatics, text analysis, and finance, where clas-
sification and clustering play a crucial role. However, existing classification methods often
rely on complex deep learning models, making decision processes difficult to interpret. Sim-
ilarly, clustering methods focus on optimizing results but lack clear explanations for cluster
formation. This lack of interpretability reduces credibility and hinders domain experts from
understanding model decisions.

To address this, we propose: (1) Hamming Encoder Neural Network for interpretable
sequence classification. This model integrates pattern mining into a one-dimensional convo-
lutional neural network (1DCNN) by binarizing convolutional kernel weights and introducing
a Hamming distance-based similarity metric. It enhances accuracy while making decision-
making transparent. (2) Interpretable Sequence Clustering Tree (ISCT), which uses sequence
patterns and a tree structure for hierarchical clustering. The algorithm employs k-1 discrim-
inative patterns as splitting criteria, providing clear explanations of cluster formation while
improving stability.

Experiments on multiple benchmark datasets show that our methods achieve high clas-
sification accuracy and superior clustering performance while enhancing interpretability. In
summary, these methods offer a transparent and effective solution for sequential data analy-

sis.

Key Words: Interpretability; Sequence Classification; Sequence Clustering; Pattern

Mining; Convolutional Neural Network
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R K5, RMEAE (Agglomerative) (53244 (Divisive) B E#ZEIR
GERE o XSy I 2 DX BITE T e AT R [ 1 s eR Ok SRR (R o 3 L)
B R AL 5 Kullback-Leibler P PU., 4B PR BS (edit distance) P2 FIETF 155111
Jaccard FH{RL)E B3,

AR, BRITECERS T R R, FoARAELER ] AR
2N 8] (R BE B HEA TR . ORI, X RMRRERTREAUE LW, DA REE B v SR 2R 4
TCERAR, AELHFE M A B .

22 WERFEY

AR ] T M R A B R AR L2 SRR, i AR B A A
AEREAL R ARG . FEE N TR RER AL FIOWT . BBl XS S STk )2
R, BB R AT H i 2. 5 (T B e P A R AR, \T
R ) TR BAEERIF R R R BRI ()i, SR (b B SR T B iy e SRt
R o ANTTRES 4 TR 0 SN T R SRR D7 Tl A A ¢ A
22.1 TIRES%E

AL FRRE Y ST IR AL AR AAEN LA 7 ] Uk 4552 KL, el e = 2R i I BE AT ]
BYARVER Y A5 b o AT TR a2 JOT IR AR T F A Tk . BT TR
AT AT E

(1) BT R Ik

FTFEA P 1 B AR e B s DR TR, SRR AR R TR
SRR . 5B IEAN TR, SRR AR AU T R AT, T
T A ERAE B8 IR AL [ A BLEEMCH Beofe . X PO IRTE MR LA T, BN
A A AAIRR A AP B VAR (A MR 23 S e SRR AT AT 1 5 SR ALY
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HUE SR AR

(4) T

BEHEAR SO R LB SR ERIT 2 B T o, LI R
AIRRELE. PRAER O BET LR FLBWINOMERE, ITILIRR Tk, B
PR 5 S G B B . SRR 34315 R ST 25 W
ORI, R4 R R SRR T PR B P ELS TR By e
STREAMRERSIFRL AT, MPSTOUT. SRNESSUR, BT % .

(4) HEF A%

T AUk R SR RO R T A0 0 R B,
AR PR . PR RIRSEFI R RIEHTT A R T ot
N BABH S B P T TG % HE U, AR T FUA U P ROBE e 2, s
R T LB W REE) . B B NS TF-THEN" (MSR54) AL
o ST , (LR EDUCIZAR 4 AL P B AR D He A I P
B, ANTTHA3 T A2 3 RS P £

AR RN & U A — BB AN ORI e e
— R, SRR MR ARG, Bl A — A T
HOR SRR RN 51, — SR HUN A HL 5 FREe Er ——
WA AR, AR T T T A AR AT

222 TIRERRRRZE

(1) F TR 7532
FT ORI B 773k B AR NS rh b SR TF-THEN R0, JE=4nT
KR R;: IF xq is ¢11 and . .. and z,, is ¢;; THEN %% ¢;.

Hor, an FORFEA  BUEE n DRFIE, o) FORIRAFIE TR I R RIS & . i
KPR [F] — R — 2R A SRR R R REE DA PR ME R 3. ARk
JE PR A S ERAR 3¢, ORI I YR W] R B g3 B R 43 R [ 9 A ] A3 7
[44]

TE H NI 5 i, SRR A BT TR A . 41 FRCGC 1 2
— PSR T R T B AT R SR 28 B AR R U B 1A R 5 S5
Kt , AR FER A MSORIALIN o [ 5 WA 2y AR ) 43 R v AN 5 R AR
PG R, WIS R B S = A AR ek 4 1O

(2) EHTZHERITE

BT ZmAn) ol BT iy RN A, XA e ik, i
SO A THD ()R SR AR AT R R RN o XA A S SRR AL (SVM) 2R, —
TR R A e Bt . H5 SVMOR[EIZ, BT 2RI R 207 AU
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s €IS N s A -SSR i D) SR T B A e

WX —MEH K, TIRFRE T 2RI, B, ARFRE) $2i T AEHETE
VERRIGH T TR TR BRI v A E & X, ZITIRGIA T 4K
&7 HLHPRATAEAR A FRIE R SRR, Il 8 i/ MU BRI & e A RIS
Fo BJG, FIBIMERTER AL (DReaM) B gef il BAHmIRTEN:, B
PG PR o ISRASAL MU AR R AR A SRR AERFRFAIE . DReaM ASUR AL U A= AL
FE R ARE AR SRS LI, 1T SRR A S A D el SRR AR LR B . S i B0
TR BIEARIR, SCER S0 T —FB iy ik, a7 A B R T T
HAF P T ] SRR, AT SE B 1 B A EOULAY SRR A R R

(3) BT BIEM AT

B (A PO SR —Fh AT SR 2Tk, BT T U SRR A s T A
T PR IEEATY RS RIERE RHIE ) BIE B A TR AR . XA, Bidn AR
il kb — 1A R ik AN, XA IR R B RN ] AR A .
EL R DR NS E o e IS Y TP <=~y b uR ol FE e 111 K D VA EN A G S e
FERBIE I - BA ARG A B . e mpaiiid, BIER SOt 7 —Rhfay SR A, s >
BULAFFIE R AT AR 25> B T H e R 2 B0 edh, B ERRe i dal 4 A ok
SR ARAT By T A SCREARAE AN RN B 5L B IR AR B

SCHR B2 AR T —FhRERS AL B S E R IR, IFER R T PR e
B DA SRR A BIAE . S H A A ) R ], CUBT B S i P AR 25
(] BEALAS I B AR A o 5 2651, PASRBUN 158805 B3 i bess, il JH%E
73 BRI (LR R . FDTC B S5 & T BORIALIN 5 s e 4544, I DABDRIRLI
PR R RS

BEAL, IR B R FT AR A 58 SR I ¥R A IR DA a8 B> 301, S BB FSE AN
G E TR, I DA K-Means F1 k-medians [ 5 5 56 507E 0 B KRS IEM 1845
UERH SR BIE VI BE AL I (AN Eah B BN Tl J5 8 TARRE—4R T T
AL 53X B VA TR MR K-Means JREE5AURITSGH & MR EEH 2400, A
I IR SRR 2 Y R SR BB IEA T R R AR G 0 T
o, FEPS R S, BRI 20 U 5 TR

23 ETFEHXHEMEIRENXIZHE

AR, BERZMZE (DNN) RV 2 QUSRI TR HERE. R0, BEEM
ZE RS AR, DNN G R 5 2R AR R ST O TR AR AR A
A LT ERCERRE, FL2 288 rENvismA B8, Hp, R
N AR, BRG] A AT RERIE: —1 (BR0) A1 +1, JEid & p %5
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B, REFAR T NIRRT R, BN LP ARG

sR, ARG B fedE (BP) FIREALBREZ Tl (SGD) JiikfAdE i T —(HALM
2%, o AEACREA TR RO . X — i, 4R T “H
wfvHas (STE)” AR AT Y, i e Mul 2RO, BHERF (R RS
FERR B LR IARAL T, MM FEFHR SGD = Adam S5 (AL SN BEAS I T 0BT S AL
WRIAL IS I, ELPRH T 2R BT k.

S IXLE A AL 28 S AL T D R B A A\ Z ISR B A, BERSAE —E AR
R RE ARE, (HEANIIFR B T S5 A A nT PRSI . TEARRTE T,
AMEET fHAMZRML (BNN) 535, g T —METERMEM4Z% (CNN)
B ihDas, PATZHR BA Al R AR U A

FEAREIZ IR, —(EHA AL (BNN) B4 2 WA, JLHAE S B HNEE
D7 TG T R RO, CRSIO @ 1 R R AR fEAL B S Ry~ R4
HAEAL BE R HBAR R AT AE SR BRI o B — /8L, BIF5E $R i R TR &
) e (RRL) 12 3207 AR PR AR A [ I 7% 2 R WA 4 17 1 3 5 o
NR-Net O D558 12 A 4R 5k A 1 22 O 28 A R 0 A, 2~ MEfy L W] A ) ple SREARL UL 4
FRBTT T — TR BB AR BISH SAy m] AR LIS 1) 02 ) 45 A o R RRRE |, CT-Net (%)
FIATBEBELE, IR T TR E I IS5 P RE .

SV X BT RAEAR P AV B LS T R R, (e R G T 7 4 B
PEATIAL . BEEMZEMBESORIATE, IR B T — L85 S A2 R e
25073 100 SR B VTR L 1 I U7 97 232 )AL

TEFFA I JAE55 1, CRINIZ54T 1D BRI M 45 (1IDCNN) HIEL A4
BB, RENS A BRI el 4z R 73 S . 5 CR2N J73R2EML, A ST T IR [l A
KT IDONN 34y, HESRAFRZ AT, ASCGZp R —A P18, ik
CR2N FfgaJmtir ORI . S 7S BX — H bR, ASCRE 7 — Rk i —(E AL R0,
(ARG BRI AU G R FP A AR, FLX SEAS R ] DA n] R A ey
— Bt k-mers T3, AT BB b8 AR 8 1 A B

10
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3 WEFRRERFIS SR ML

AFERR T — PP T AR AR 1 T8 oy B R 4, Tl AR —H AR
SRS A 22 190 248 XA FR e A A ] BRI e-mer RS, FEORRFRE R 70 SIERERY [FII, 42
P B PSRRI AR, 4 AR BT Hamming B gAY 7 SR (AP EE &5
%o

3.1 EFEENX

TN R M 25 48k, IDCNN 2 —AN5 BB 24506 — M AR 14
w H1—> one-hot 4% 4 x:

1, 1ifojisthe i-th item of /,

0, Otherwise.

Hor, x WUR/ANA 1] x [s|, Hor |Z] 2 fefy T ME—TTH 2R, |s| 2751 s B
KEE. SRR z b 22 2(3.2755):

Z=WXX+b, (3.2)

Hob, ® FRBRE, BRI T, AR w BRI x
EGRFE. KT, Z2LEY IDONN M4 BRIOR BRI, AF AR, &
SRR SR . LA R TR

T RGN AT LIRS BIIAGIE T 11— b2 2 e
PR, EPSERUEARRE w AL —1(0) B+ . XEF(EAL, BUATI BNNs @9
—~ sign BEL:

() +1, ifz >0, (33)
sign(zx) = :
—1, otherwise.

W EAL, fil z ATASR N
z = sign(w) ® sign(x) + b. (3.4)
IR, X AR AE AL SRS H AN RELE BT AERER S5, B R EE SEAE Y A P 22
2%, AR A M 2 n] DA TR R, (B2 BRI R 282 H

— Y LA +1 AR M. TR RN R 2 IR SR AL G, XSRS
X T NIRRT BEARFIA AT RERY . L, AFAR T — Ao ag B il —(H

11
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AL P8 M 2 M 2%, FF g i 7R % 8 Hamming B4 Fe 5P
R
32 Hikigit

XA RFF IR , A0 H AR — AL DA PR hemer 17791
8%, AERAL, AT AT IS — R U DAL A AR
Horh, SRS ACFA TR U E S5 WO, T T B A TR C 2

T HSRRAFFESE I ) T80 00 28 . SRIM, 1P 0 2% Py AR 2 02 [RI R PR
WH SRR MARLMERY X AT 2 R 40T AR AE AP

[ e e e e 1
' I
' I
I .
i n One-hot Coding Global il |
I : Encoder -
o BCEDA Discriminative Max Pooling Optimization|
.. |
: 2 ACCCASCA k-mers Mining I
|
|
|
1 € I
: S A= !
I N BBCBD © KH a2 o I
1 & 2 I B Classifier i
| @ Similarity . . . I
I Data Set Ko =|o]a]a]a]s [
1 o
I |
|
4

& 3.1 Hamming Zri% a0 LAERFE
Fig. 3.1 Workflow of the Hamming Encoder

Agife t Hamming %, H AP BCEAE A ) 29l A rh g —fEAE S 0 A 1 X
AR ONN Fifid s, RSB AN —A> k-mer, [HIE, A&
SCRHZEIEEA R PRy CNN gt g fEAt M. Hamming Zfithaie iy T AR
RT3 7R o Rl dle s A 51 SE B h —A4> 1] X |8[mae Y one-hot Ji%,
Horp |Z] BITHRRIRID,  [8[imar ZORBARERFRKPIIKE . N 7RG8R
) Hamming Zfds, AR T —PEERZ, FOVEAUR T EMAGERRAE
FE e FEME R R E A Hamming e 2 5, HALE AR —A> k-mer 265
WSS, AST5¥ER A KH AU, AR U B SR A KRR k-mer 2 [A]HAH
(UL PAAE ARAIE [) o K FERURE S5 A0 T R0 25 5 A mh ik 1 1) 4 Jm e Rt A 4, i
FERATHE 25 B RRFAE R0y k-mer, 3§58 71248 289 k-mer 1)K HETT -

3.2.1 Hamming 7f532%

Hamming s ity (19 45 #4052 — PRI (64K CNN 2, JE RS — &A1)
FNN JZ. “fffk ONN Zia N ER (B0liE) 76 m 2 b R A It HIAE w,

12
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Algorithm 3.1 Hamming 45 #5429

A FPOVEIEEE D, WIEAE wh, BRI e, RN N, TIHEE I,
i A XA PR k-mer 24 P,

1t 1 > A
2: X < one-hot(I, D)

3: fore=1...¢,,,, do > EACIREL
4: fori=1...ndo > X EEAN TR
5: /T 4G

6: Whenn < Q(We,,); > AHALA
7: Z+— W ®x; > HFH
8: k < GlobalMaxPooling(z);

9: Yiogits < KW, > FNN 2
10: y < SoftMax(yiogits)

1 L < loss(DI[i];¥); > PR R
12: AR

13: Gw.,,,, < backward(L);

14: witl « update(W!, . gw...); > {4k
15: end for

16: end for

17: P <+ inverse one-hot(/, Wy.p,,) > $2HY k-mer
18: His: P

I AR R AT SR A BT w, 2o — L w, 7T DLBEEEY h-mer.
WA gmis s, B ARG EA X PER) k-mer #2467, B¥E3.1E/R T Hamming 255
At BRI AT o 42 T R BT HEIR T WMRIAE i 1) A% R0 B I A% it A v AT —H
k.

322 wEtEE

TEARTTIET, AUCER ) R E AT S, BAORYE, X458 R R
w € RIEVF ATy S AR wy, 03,5, Forh wy ITCRAESEIRARE w i1
B BRI A ERSEE N 1, BN 0, AR R

1, if¢ = argmax;, wy

0, otherwise.

B, %FF—AF5 x € RIEXIsmes () one-hot J¥ #I 4/, —fE Ak CNN B[ i
oE
Z=W,®X. (3.6)

Bt Je, W T AH A CNN JZ A N 4 R KA, PASRASRAFIE(E o0 AT
TRRF R RS T ARG 57 3.2. 575 v 7 S KH A BURE T S AR A AL

13
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a = max(z;). (3.7)
J

XTEZNERNE, AN EFRZ DR, XL R TE SRR ) 5 a.
KI5, FHER R a g ARl — AR M gt (FNN) &, DISASHEI yioges:

Yiogtis = aw?nn +b. (38)
N THRF Viogins FEARNMER, ATTVEN ] softmax pR%. HZHm y 40F

_ eXxXp (ylogits,i)
>~ €XP(Yiogits.;)

(3.9)

323 R[atEHE

N T IZIEA KRR k-mer, AJ7 iR/ MEB R REL Lo B K y FIESE
W2 y 1EMRIA AU SR B B0 SCATE

L=- yilog(y:). (3.10)

AR IR, AT ] DATH S 2% eR B 0 T AR wy BB . S8
i, VHEAE w BB AR — A, R AR B AN AT . S T ST
H, ANHVERM T Straight-Through Estimator (STE) B2 skAhi1- &AL /e [aj B . STE
KA AR BE 4 Tl 28 B BV E R A% HE R BT, T8 A B 1) A 1R i A ke — A R Bl e
JEWRCE N1, A TR B, AOTRA

oL 0L Ow,
Ho, #£STE R, Z% =1, ik, BBEEfifky:
oL oL

STE #:4F H T Hamming Zw b2 AR AR 4 w, 5125 s EHH T Hamming 4
M #% ZFBCE RS T BT

% o % ) 85’ ) angits . @ ) ﬁ (3 13)
awb \62/ aYZOgits N Oa , \8/1_/ 6Wb ’ '

—— _ ~~
Cross-Entropy Loss  SoftMax FNN layer = Global Max Pooling  Convolution

14
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B SE SN LU A VAT AN E SIS

oL _ oL 83’ aylogits azmax
8VVb N (ay 8Ylogits Oa ava ) ' (314)
Hrb, &R R R B E R
@ _ 1, if j = argmax;(z;), (3.15)
Oz, 0, otherwise.

i, IR A & RO R 5 (L B XS A0, TR
n] AR R RE N -

oL _ oL 83’ aylogits 8Zmax
awb a (ay aylogits Oa 8wb ) ' (316)
clA C ::::C 5| A
k-mer
ntation Output Global Max
One-hotReprese 710 ‘ 1.0 . _ 3
0 1 oY 0 o O 1 Pooling
o' O 0 o O
1|0l t— 1

" Sample Sequence Weight W ossible kamer |
. b CAC

0.62 021 ACB

=
"
.
.
=
=
=
.
=
=
=
.
.
=
=
.
"
-
3
»
0
Q

0.97 0.31 0.36

£
"""""
----------------------------------------------------------------------------------------------------

K 3.2 KHMPUEZS 4 Rt i) — s ol
Fig. 3.2 TIllustration of the consistency between KH similarity and global max pooling

324 BT k-mer B FFI4EIREL

XA SE U Hamming S, A7 L E SC M M B BEBUE w, 28
JE RS H N AL Q(-) o X BEA Ty VK W] ASRAFAE B ) A F e A P A —{EARAY
B, 88 weo RS, ATIAMRIEIUH S 1R BCERE Y k-mer, SEIR-5KF A
845 one-hot EFEAH R AYIY . BRI, XT84 wy, AT VA RT AR BN — DX 1

15
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HJ k-mer p:

p = <7;j17ij27"‘77;jk> where W1 = 1,Wj2’2 = 17---7ij,k: = 1, (317)

Horp, iy FRI0E T RS §AIOR, W FORBUEREE w, 055§ 4TRSS n 0
Ro BaFAX TR wy KRS n 8, REMEN SR 5 47, HRE T %47
HITCRESINE] k-mer p 1956 n ANMOLE

IR RALE AL Weny, FEHN k-mer p (7561 o

0.22 0.43 0.78 0 01
Wenn = 065 0.62 02]_ , Wp = O 1 0
0.97 0.31 0.36 1 00

MTERTEH S [ = {A, B,C}, WEHE w, gy (CBA).

W, EAFET YRR, HRBHEA X MER k-mer 1580 LA — AT REES
KEY k-mer 865, IR, BEATXAS k-mer S2-E38 1A W (1) AL bR BCRE T A P 1 e 46
A, ZJEA] A TRAEIESE . AT, S2i{ B TR k-mer Al GBS SEONFFRIRT,
WA AT AT

Optimize k-mer Set

(T s \?} N T FNN
Weight Worigin
078 ﬂ C | s
£57 Update B KH N Loss
! | : similarity | :
Weight Wapdste Forward :
/
0.97 0.36 \ )
CNN Weights k-mer Set Output

K 3.3 Hamming Zrfidgsnt) k-mer FE A48 R 2

Fig. 3.3 The k-mer set search process of the Hamming Encoder

FHECZTE AR ¥Rt B4 05 3 i 1) A2 5% 300 1) P68 B2 BEORI R I A CNINASCERL, A
TG T — R MR B S e 0 BT k-mer IR K . FEAS T AR —fHAL YA T, CNN
JE B AT DA B RO R E R k-mer, [RGB A X0 PR k-mer G AT 5592
¥ itk CNN JZ o FF Hamming J B4 19 1 o) f A v, 18 Jefs e 81 A2l CNN
2, R AR A R . ARG, BTN AT 2 A X SR A T 202K

16
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B EA X AER k-mer AR HAR SRR3R . CNN 2 RALE R AR P
AR AR S A T RS , X T k-mer B RIFAAL (M (CBA) %] (CBC)). il
A M 2 BB EEA AL, AT IR A3 T — LA ORI 7 BE AL E KRR
k-mer,

SRTTT, A7ty BRI . 24 AT 4 AT A B Kot I b I, 571
R e AR R, FEUNT R AR S . RNy, ek b RARREEEN, &
BPIHRE, AR SEOHERPERER R0 .

3.2.5 EF Hamming BEEHFFHEUEES

T HR k-mer §% 30 R RRAE [a] FRIHE 4 Ry R AL A 5 X 45 Hh 3R AR R B2 TR 1)
—Ek, ABERM T k-mer Hamming (KH) AR E R, % 8590 Kot 350 2h i
B A k-mer p € P 2 [6]#) Hamming #F 25, 41F iR :

Sim(p, s) = k — min){H(t,p)}, (3.18)

teSk(s

Hrr, Si(s) Rkl s PErEKEN kT HRRES, H(t p) Fos k-mer 751 p Fl
T ¢t Z |l Hamming Ff g :

H@m)=§jﬁﬂ@pmx (3.19)

Hrb, & FoRrreidft.

P 1. 25 E — NGB wy, SRR k-mer p 7E one-hot 4 f K, XL
ERFH s L one-hot Hiff x, KH MIMUZSET x 5 w, S TEMEAEE £ R
AL i 4 -

Sim(p, s) = max(z;). (3.20)

WEWL. fBi Wy, = {wi,we, .. wi}, Ho w; 2wy 95 4 Bl &, T DARYE 23K (3.17)
Bty pio [AIRE, x WRATDAFRANS MBS x = {z1, 20, .., 29}, IEAGTEAE
N,

|s|—k+1 k—1

i=1  j=0

A 2; 42 one-hot [a) &, AL wy AT DAGE A [F] A4 4 b ¢ R4l po HET
one-hot Z i AYIE XM, P> one-hot [r] &Y G 24 HLACY A o) AT R 451 1.

17
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Ul BAREBELER ERAEITEBTAL IR b b ] i) & ) et -
z; =k — H(Xi:i+k—1, Wb)- (3.22)
Bifs, MRAEAI (3.7) R R A RAE -

o= Z-efs?fi‘ﬂ{zi} =k— ie‘lg‘ljlgﬂ{ﬂ (Xizitk—1, W) }- (3.23)
WM ENE T, Xiiyroy SEBR B A AR P S A k-mer ¢, wy, HUR] DA ) 26524 o
PRI, AR S S 1Y KH AHBURE 284 T4 SRl s R A48 O

3.2, AT Ul AT T AA KH AR {RLURE B2 H 5 4wy ds R A i — 2
PEo BRI, A ERFRCERERE w (B0 PASKAS wy FEFE, ZAERE T BP9
CACBA 1] one-hot #shilh T i WAE I x (¥ ) z. Gl 04 z P74 R R A 45
Y, AITESAETE o, ZAFEME SR T KH A URE BE R rOAFE R X T-3X A
+, Hp k=3, p=(CBA), s=CACBA, S,(I)={CAC,ACB,CBA}, Hamming
PR BTS2 KH AHRUEE N 3.

3.3 LG

TEATAT, AR E A DR AR F IR A R B R AR,
FFH 5 JLFRE T HRRAE 0 P 91 20 REVE AT IO . S T 9T Hamming S fidh 2% 5 BE4&
CNN PAR T iz A i) BCNN Z [ X5, AR ERHIT T — RO %5, SKRmAE—
it 45 NVIDIA A6000 GPU £ Intel Xeon Gold 6226R CPU [ Ubuntu fik 558 4T,
WAEHA 512 GB. Frfa i 5 iy Es PR 2 i o 142 5 4732 ik 10 YOkl 45
RGN . FETEAL Seq2Pat F1 CR2N-based Jy AP 2 K54 N;, AR M
One-vs-One SEH& KB — T047 288,

KT VA TR AR RR , AT IE R DA T N R B ME . Aslbu 1],
Auslan2 ¢! Context [’ Epitope "!!, Gene ["?, Pioneer [*), Question, Robot ["*, Skating
(91 Reuters [, 1 Unix 1, XSO BHRER R4S SR GETER3. IR, K |D| FRfF
PIECE, |Z) 20 H %, minl fil maxl 435275 s/ M KKE, |C| 22
{UR G5 8
3.3.1 &iklEsE

AR S I R ) 5 YA S DATR SR SE R A 43 2R 5 VR A T LU ROCOR PR A M -
MiSeRe [121 | Sqn2Vec [ Seq2Pat ', SGT 281, Gokrimp ¥, iBCM [13] SeqDT [17]
SCIP P Al CR2N 1971, SE8EXF )7 ) /0 K i R BB T A . 158, ATk

18



RIEHTRAAR A 18 ST

3.1 PEREHCE T O A RO AR AL

Tab. 3.1 Characteristics of £{#i£E s used in performance comparison

B |D| IZ| min! max! |C]
Aslbu 424 250 2 54 7
Auslan2 200 16 2 18 10
Context 240 94 22 246 5
Epitope 2392 20 9 21 2
Gene 2942 5 41 216 2
Pioneer 160 178 4 100 3
Question 1731 3612 4 29 2
Robot 4302 95 24 24 2
Skating 530 82 18 240 7
Reuters 1010 6380 4 533 4

Unix 5472 1697 1 1400 4

PEAXSBOHTRI AT ERAH DME T S Wz s ) M ik . Hak, ASGR$FE T 587
P I RENE SR AT R [m] 23 S A AR TV o X AfAR T LU PR FAE [F]
—2RNN, P ARITERIREL T T 0 AR IE S I

TR SR I ] G O A ) TR AT A ] 5 A SO 7 YA AR TR R AR .
TSR BA AN E R SHCER, ASSCH M T . X T SGT. Sqn2Vec,
SeqDT. CR2N. HMM Al SCIP f) U AR AR IEEIA ST Ir ik, AITIRMEA T
ENF R EOA S 5. Gokrimp 2 oS4 . X7 MiSeRe, AJ7 45 T 12
BRI S EM FE )8R . YT iIBCM il Seq2Pat, A EE+E T
TR ORI, DARESp A 18 2 . IR BT VAR TR S BB AN

MiSeRe B SE MY SRR HAZH T SRR, 98 f5RFH AR ) & i o A )
Ao execution_time Fl max_rule 43R [E &~ 5 580 F1 1024,

Sqn2Vec Je—FFS R ATTVE, STIZHAE ORI & FRoR . AT H
NRR Sqn2VecSEP Fil Sqn2VecSIM % B min_sup = 0.05, d = 128 Fll maxgap = 4.

SGT @ —FhE: T EIMFRHEIR AT YA, T TR 9 R R A 1] o, AR5 0 3R
NSEL.

iBCM E AT A2 I8 e ST P 91 030 26 AR D7 VR I B AR BB man_sup =
0.1, no_win = 1 F reduce_feature_space = True,

SeqDT 4 il 1 HH K i P S AZ I AN P S F i . AT IR BN S5, Ho
maxlL =4, g=1, pru=ture, e=1, minS =0.0, minN =2, maxD =0,

SCIP J&—Fp JE T i) 7 ) 0 28 8E A PU 8K : SCIT HAR . SCII. MA ,SCIS HAR
1 SCIS MA., SZIGHEEPA I Z4: mainint = 0.02, minsup = 0.05, mazsize = 3,
conf = 0.5 Fl topk = 11,

HMM A BT b i FF i Python 28l S5H 2, ASCHEANEAING T —
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ANEAAY HMM, I 1 Ve B AT e s i 1) HMM X 7 51 647 32K . HMM it
Baum-Welch VAT, 45 1RBI(E 0.001, fHAEHRRECH 10°,

CR2N J&— I T A B 51 808l 1) Jmy B el 4 Jr s sy 1D R 22 2%, [l i
253 TITA N X R AR A R AL, Ir = 0.1, epochs = 200, A =10"%,

Seq2Pat Jj&— I T 5 B AL I BEFE R, B AEIZ B 4R v IE 2 1 2 1]
MR TEARTTVER LR T, AITARESEANT . min_freq = 0.2, max_len =5,
max_span = 10,

Gokrimp @ —FILSHIN I, EETHR/MERKE (MDL) Js M H—4HIETT
ARG 7 SRR

TEARSCHHILRHY k-mer $UEUCE N 1024, HA/NEEH 640 k-mer F K2 —4
MPHEERSEL, RER BT Bt ERBIRIMERE, XS TAIAR LS, &
FHEET k=2 F1 k = 5 BPARRIBAUERE . A IR BRI 7 91K B 4 1 .
X HAMMNE Z KPR, AR @ IR R b, X BAHXRZ 5
FEAREERLE , ATTIREBGRRER/N ko (] Adam fifbgs, 2725355 0.0003, L
HIENON le — 5. 4 17 IkEdE s, Brf I grid B @ e IRt EASr bt Ti . A
R A, AERDICA IS SRR JR, FF eI SR AR i 4 2k S IR A AR 2
PEE DB BCE N 100, AJ7¥AM Scikit-Learn JEH Y SRR EAL . HLSRA (SVM,
DT). K-fizilt4f (KNN) FUARR DI (NB) PPAGEE A RS ARIZ S e 28 mT
X3 o

AT RAER VAR 2 JEMERR RS ER3 29 . Hor, SGT R4 R A=, X
s R H AR Kol TS8R BRI Gokrimp AY—LE452R 525, 2T
BEARRR I o A, AT R A i 3 i 7 ORI O VA S HoAb AR
R ER T EIT TR, XSGR A R3 3 AR . RIEEIEAIR, AAT
REER I -

HIE, AITEERZEERE FRIMAXTES . TR ERE, A5k
T T VAR [R] 43 2R A8 HERR R RS , X BE R WRTE R 2M R G i TR . 45
REH, HHABTVEAAEL, AJ7vAAE SVM I NB 32 FRIH w5 ). SR, X
T DT M KNN 73388, AR5 8 I R RESE Tt

N T RACA T ERIERER I, ABF5ER M T Bonferroni-Dunn A58 SR HIE—4>
TR BIA DT 5 &5 BERAE 7 2R 3 5 T AR W] P RE K- TR R MK
-2 0.05 HEGRELE N 11T, IRAZ2(E (CD) 2y 3.18. HMFh 5 ik my-F-1IHE
##E it CD AR, AN EANTZ RIRMERE 2 e St 27 FRA B8 K3.4/R
T U TR HES S R A R . NEITP R AR, E A8 Hamming
G g AR BEEGE T E R E T AA X BTk, (e RI AT CR2N (4)5). CR2N
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2% 3.2 Hamming 4ii#%. MiSeRe, iBCM. Sqn2Vec. Seq2Pat., Gokrimp il SGT #4321
(hrifE2z)
Tab. 3.2 Performance comparison of Hamming Encoder, MiSeRe, iBCM, Sqn2Vec, Seq2Pat, Gokrimp,
and SGT in terms of classification accuracy (standard deviation)

Hamming
Encoder
k=2

Hamming
Encoder
k=5

MiSeRe

iBCM

Sqn2Vec
SEQ

Sqn2Vec
SIM

Seq2Pat

Gokrimp

SGT

aslbu

auslan2

context

epitope

gene

pioneer

question

robot

skating

reuters

unix

0.639 (0.011)
0.588 (0.010)
0.593 (0.016)
0.547 (0.016)
0.273 (0.016)
0.295 (0.009)
0.251 (0.025)
0.264 (0.018)
0.896 (0.011)
0.843 (0.011)
0.852 (0.012)
0.826 (0.017)
0.858 (0.004)
0.715 (0.004)
0.809 (0.004)
0.863 (0.006)
1.000 (0.000)
1.000 (0.000)
1.000 (0.000)
1.000 (0.000)
0.964 (0.009)
0.923 (0.007)
0.959 (0.013)
0.982 (0.016)
0.943 (0.003)
0.910 (0.004)
0.924 (0.005)
0.932 (0.004)
0.912 (0.002)
0.748 (0.003)
0.909 (0.003)
0.876 (0.003)
0.293 (0.011)
0.282 (0.012)
0.243 (0.008)
0.272 (0.017)
0.956 (0.004)
0.923 (0.006)
0.934 (0.005)
0.906 (0.007)
0.891 (0.002)
0.838 (0.004)
0.853 (0.007)
0.875 (0.002)

0.580 (0.016)
0.494 (0.019)
0.509 (0.022)
0.478 (0.025)
0.237 (0.018)
0.232 (0.011)
0.201 (0.026)
0.221 (0.012)
0.949 (0.007)
0.834 (0.015)
0.927 (0.012)
0.846 (0.019)
0.924 (0.004)
0.718 (0.004)
0.877 (0.004)
0.869 (0.006)
1.000 (0.000)
0.961 (0.064)
1.000 (0.000)
1.000 (0.000)
0.989 (0.007)
0.935 (0.009)
0.989 (0.006)
0.938 (0.019)
0.955 (0.003)
0.923 (0.003)
0.921 (0.005)
0.940 (0.005)
0.952 (0.002)
0.779 (0.005)
0.935 (0.002)
0.892 (0.005)
0.342 (0.018)
0.275 (0.011)
0.308 (0.014)
0.270 (0.010)
0.975 (0.002)
0.927 (0.003)
0.948 (0.004)
0.908 (0.008)
0.716 (0.002)
0.627 (0.015)
0.685 (0.007)
0.701 (0.002)

0.574 (0.012)
0.536 (0.008)
0.560 (0.017)
0.541 (0.011)
0.285 (0.027)
0.283 (0.017)
0.293 (0.019)
0.304 (0.021)
0.917 (0.009)
0.907 (0.007)
0.902 (0.007)
0.880 (0.017)
0.820 (0.004)
0.583 (0.002)
0.810 (0.005)
0.856 (0.005)
1.000 (0.000)
1.000 (0.000)
1.000 (0.000)
1.000 (0.000)
0.958 (0.004)
0.787 (0.004)
0.959 (0.010)
0.976 (0.012)
0.898 (0.005)
0.852 (0.001)
0.843 (0.003)
0.897 (0.005)
0.936 (0.003)
0.829 (0.001)
0.919 (0.002)
0.890 (0.006)
0.259 (0.010)
0.258 (0.016)
0.232 (0.018)
0.280 (0.011)
0.953 (0.003)
0.865 (0.002)
0.893 (0.006)
0.905 (0.007)
0.898 (0.001)
0.728 (0.006)
0.863 (0.003)
0.902 (0.002)

0.400 (0.038)
0.531 (0.042)
0.501 (0.044)
0.492 (0.058)
0.274 (0.021)
0.281 (0.027)
0.252 (0.026)
0.270 (0.031)
0.906 (0.007)
0.891 (0.008)
0.663 (0.014)
0.802 (0.024)
0.715 (0.006)
0.570 (0.001)
0.703 (0.012)
0.793 (0.009)
1.000 (0.000)
1.000 (0.000)
1.000 (0.000)
0.999 (0.000)
0.804 (0.013)
0.848 (0.019)
0.661 (0.023)
0.956 (0.017)
0.842 (0.003)
0.831 (0.000)
0.844 (0.004)
0.866 (0.005)
0.916 (0.002)
0.838 (0.002)
0.894 (0.002)
0.936 (0.002)
0.241 (0.016)
0.250 (0.009)
0.242 (0.009)
0.238 (0.014)
0.832 (0.003)
0.869 (0.003)
0.762 (0.011)
0.886 (0.007)
0.866 (0.001)
0.890 (0.001)
0.829 (0.002)
0.887 (0.005)

0.438 (0.004)
0.540 (0.006)
0.519 (0.011)
0.441 (0.018)
0.256 (0.016)
0.274 (0.019)
0.257 (0.015)
0.280 (0.035)
0.927 (0.006)
0.862 (0.010)
0.876 (0.016)
0.590 (0.031)
0.846 (0.003)
0.726 (0.007)
0.847 (0.004)
0.783 (0.009)
1.000 (0.000)
1.000 (0.000)
1.000 (0.000)
0.960 (0.006)
0.959 (0.014)
0.909 (0.019)
0.951 (0.013)
0.834 (0.045)
0.803 (0.006)
0.715 (0.013)
0.841 (0.006)
0.728 (0.010)
0.925 (0.002)
0.772 (0.006)
0.937 (0.002)
0.783 (0.007)
0.319 (0.012)
0.285 (0.017)
0.299 (0.011)
0.200 (0.015)
0.980 (0.001)
0.927 (0.005)
0.956 (0.003)
0.786 (0.018)
0.909 (0.001)
0.829 (0.008)
0.891 (0.002)
0.778 (0.007)

0.602 (0.008)
0.548 (0.010)
0.570 (0.005)
0.484 (0.010)
0.255 (0.019)
0.305 (0.016)
0.270 (0.019)
0.250 (0.022)
0.928 (0.011)
0.874 (0.010)
0.833 (0.017)
0.524 (0.038)
0.850 (0.004)
0.721 (0.004)
0.843 (0.006)
0.783 (0.009)
1.000 (0.000)
1.000 (0.000)
1.000 (0.000)
0.963 (0.005)
0.984 (0.005)
0.940 (0.010)
0.959 (0.009)
0.781 (0.015)
0.884 (0.003)
0.779 (0.010)
0.876 (0.003)
0.826 (0.007)
0.926 (0.002)
0.785 (0.003)
0.934 (0.002)
0.769 (0.005)
0.324 (0.019)
0.285 (0.021)
0.302 (0.011)
0.204 (0.019)
0.978 (0.002)
0.917 (0.005)
0.940 (0.004)
0.687 (0.017)
0.895 (0.002)
0.775 (0.006)
0.887 (0.003)
0.760 (0.005)

0.451 (0.007)
0.449 (0.012)
0.384 (0.026)
0.445 (0.012)
0.070 (0.014)
0.112 (0.011)
0.145 (0.004)
0.088 (0.013)
0.930 (0.009)
0.890 (0.007)
0.883 (0.013)
0.849 (0.021)
0.803 (0.004)
0.679 (0.003)
0.767 (0.006)
0.854 (0.004)
1.000 (0.000)
1.000 (0.000)
1.000 (0.000)
1.000 (0.000)
0.938 (0.035)
0.899 (0.044)
0.902 (0.032)
0.956 (0.014)
0.611 (0.005)
0.606 (0.001)
0.591 (0.002)
0.607 (0.005)
0.831 (0.002)
0.719 (0.006)
0.819 (0.003)
0.843 (0.004)
0.290 (0.009)
0.240 (0.008)
0.248 (0.014)
0.259 (0.016)
0.868 (0.005)
0.847 (0.003)
0.854 (0.003)
0.843 (0.002)
0.609 (0.001)
0.443 (0.006)
0.447 (0.001)
0.602 (0.001)

0.479 (0.000)
0.497 (0.000)
0.495 (0.000)
0.472 (0.002)
0.230 (0.000)
0.230 (0.000)
0.160 (0.000)
0.225 (0.000)
0.863 (0.000)
0.863 (0.000)
0.833 (0.000)
0.830 (0.013)

N.A
0.881 (0.000)
0.794 (0.000)
0.825 (0.000)
0.931 (0.005)
0.837 (0.000)
0.794 (0.000)
0.756 (0.000)
0.843 (0.000)
0.873 (0.000)
0.784 (0.000)
0.849 (0.000)
0.851 (0.002)
0.258 (0.000)
0.236 (0.000)
0.226 (0.000)
0.220 (0.008)
0.741 (0.000)
0.733 (0.000)
0.660 (0.000)
0.732 (0.001)
0.741 (0.000)
0.733 (0.000)
0.660 (0.000)
0.732 (0.001)

0.431 (0.008)
0.383 (0.001)
0.412 (0.015)
0.513 (0.014)
0.265 (0.017)
0.285 (0.017)
0.240 (0.015)
0.281 (0.018)
0.927 (0.006)
0.905 (0.007)
0.719 (0.012)
0.833 (0.016)
0.921 (0.005)
0.729 (0.001)
0.822 (0.004)
0.861 (0.006)
1.000 (0.000)
1.000 (0.000)
1.000 (0.000)
1.000 (0.000)
0.879 (0.016)
0.775 (0.006)
0.611 (0.036)
0.984 (0.013)
0.936 (0.009)
0.861 (0.012)
0.899 (0.013)
0.899 (0.007)
0.933 (0.002)
0.861 (0.001)
0.894 (0.002)
0.899 (0.004)
0.316 (0.017)
0.250 (0.014)
0.228 (0.012)
0.257 (0.019)

SR U L
@5

0.784 (3.591)
0.733 (3.182)
0.757 (3.818)
0.758 (2.364)

0.784 (2.500)
0.700 (4.273)
0.755 (2.773)
0.733 (3.364)

0.773 (3.773)
0.693 (4.091)
0.752 (3.591)
0.766 (2.000)

0.709 (5.591)
0.709 (4.000)
0.668 (5.682)
0.739 (3.636)

0.760 (4.000)
0.712 (3.727)
0.761 (3.364)
0.651 (5.727)

0.784 (2.955)
0.721 (2.818)
0.765 (3.000)
0.639 (6.000)

0.673 (5.591)
0.626 (5.909)
0.640 (5.773)
0.668 (4.909)

/

/
/
/

(J5#5) . SCIL CBA. HMM #il SCII MA 2554k,

[l s, Aot 38 A B R 43 A T S I B R AE ) 5 Hamming Z A 4
TEANE 248 LI TR RER I 7EHERR SGT Al Gokrimp J511) 11 AEda4E Lk 45K an
B35, Ht CD ~ 243, B MM R, B T AT Seq2Pat ), Hamming
GRS AH LA BA ot R P A B ST (AR, 4 SVM
I KNN {Eh 432250, Hamming Zaid25 B 2 A0 T iBCM; [FE, M4 H DT 144
AR, AT AT Sqn2Vec AR (R STEL .

MEB.6TAEH, Bfi# epoch BB, K REZBRER BT . XTFRL
BORdRE, MBPR TR 40 Bf, HRBTRE. XFEI STE JemsxdF ik fh —(H
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33 PERELCED: A ISR T iR Hamming & it g 64 o 21 o 1

Hamming
Flnde s Encoder SeqDT SCII_CBA SCII_MA SCIS_HAR SCIS_MA HMM CR2N Local ~ CR2N Global
(k=5)

aslbu 0.642 (0.009)  0.561 (0.010)  0.604 (0.076)  0.606 (0.087)  0.599 (0.067) 0.575(0.064)  0.524(0.053)  0.409 (0.037)  0.383 (0.031)
auslan2 0.285(0.021)  0.262(0.020)  0.150 (0.081)  0.170 (0.084)  0.215(0.100)  0.210 (0.099)  0.290 (0.064)  0.207 (0.023)  0.197 (0.018)
context 0.932 (0.007)  0.830(0.018)  0.712(0.098) 0.788 (0.076)  0.767 (0.097)  0.829 (0.063)  0.822(0.050) 0.282 (0.041)  0.219 (0.021)
epitope 0.889 (0.006)  0.834(0.010)  0.685(0.028)  0.717(0.026)  0.707 (0.030)  0.727 (0.028)  0.790 (0.018)  0.536 (0.034)  0.596 (0.045)
gene 1.000 (0.000)  1.000 (0.000)  1.000 (0.000)  1.000 (0.000)  1.000 (0.000)  1.000 (0.000) 1.000 (0.000) 0.941 (0.048) 0.851 (0.090)
pioneer 0.982 (0.008)  0.996 (0.009)  0.969 (0.042)  0.969 (0.042)  0.975(0.041)  0.975(0.041) 0.816 (0.068)  0.698 (0.049)  0.699 (0.045)
question 0.956 (0.004)  0.934 (0.003)  0.860 (0.025)  0.850 (0.023)  0.846 (0.022)  0.858 (0.034)  0.192(0.024)  0.724 (0.013)  0.777 (0.016)
robot 0.904 (0.004)  0.881 (0.003)  0.790 (0.012)  0.819(0.013) 0.818 (0.009) 0.822(0.012)  0.862 (0.010)  0.983 (0.015)  0.757 (0.059)
skating 0.344 (0.007)  0.269 (0.016)  0.247 (0.052)  0.230 (0.063)  0.272 (0.054)  0.283 (0.060) ~ 0.273 (0.045)  0.164 (0.007)  0.148 (0.017)
reuters 0.978 (0.003)  0.894 (0.006)  0.946 (0.023)  0.950 (0.018)  0.960 (0.023)  0.945(0.018)  0.170 (0.012)  0.644 (0.058)  0.627 (0.056)
unix 0.923 (0.002)  0.904 (0.002)  0.854 (0.015) 0.850(0.014) 0.861 (0.016) 0.846 (0.018)  0.789 (0.009)  0.521 (0.081)  0.492 (0.052)

SERSMERIE (HE4)  0.803(1.727)  0.760 (3.273)  0.711(5.500)  0.723 (5.045)  0.729 (4.591)  0.734 (4.318)  0.593 (5.273)  0.555(7.091)  0.522 (8.182)

Ccb
9 8 7 6 5 4 3 2 1
CR2N Global HE
CR2N Local — L——————— SeqDT
SCII_CBA SCIS_MA
HMM SCIS_HAR
SCII_MA

P 3.4 Hamming Jfs-5 B2 7 VAR HLAL (Bonferroni-Dunn 46:55)
Fig. 3.4 Comparison of Hamming Encoder (HE) against each competing method based on the
Bonferroni-Dunn test

cb cD

—_ —_
7 6 5 4 3 2 1 7 6 5 4 3 2 1
[ I [ 1
Seq2Pat \— HE(k=5) Seq2Pat ‘ ‘ \— Sgn2VecSIM
iBCM Sgn2VecSIM HE(k=5) HE(k=2)
Sqn2VecSEP HE(k=2) MiSeRe Sqn2VecSEP
MiSeRe —MM BCM —m———————————
(a) SVM (b) NB
o L o®
—_
7 6 5 4 3 P 1 7 6 5 4 3 2 1
| | _ |
Seq2Pat \— HE(k=5) Sgn2VecSIM \; MiSeRe
iBCM —————————— Sqgn2VecSIM Sqn2VecSEP HE(k=2)
HE(k=2) Sqn2VecSEP seqpat —— | L HE(k=5)
MiSeR¢ —m8m —F————— BCM ——
(c) KNN (d) DT

3.5 Hamming iS55 THHER J7 VAR HLEL (Bonferroni-Dunn £5:55)
Fig. 3.5 Comparison of Hamming Encoder (HE) against each feature-based method coupled with four
432528 s based on the Bonferroni-Dunn test

P ERIEL, HfF BRIl D, SRl fie e lest.

JEHTH A ZEUER M SC IRV T 2R B, X Fp SR BRI A SR U T 3 4328
(R k-mer B4, WEEMZ, XFRTERE R EEf#E IDCNN Bt
TERMILME. FEZ R, AL ERA T SteHeaviside 1E25 —fA L EALAS, 1%
FE ISR ) CNN AUEFEFERE SR R ZEAE N 0, HADEOCHEAE N 1. XFp
SERAR Bt HAT — 2 AT R, BROA Sk SE A T AR A AR AL A ik . R
IMi, SteHeaviside 7] BE7E BLANHAAZL H RIBHEIEZ A, XS RA S fIEE AR
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m— guslan2
== skating
= CcONtext
2.0 1 = pioneer
m— INiX
= apitope
reuters
= robot
1.5 A gene .
= question
(V)]
(2]
o
—l
1.0 A
0.5 1
— =0y
A~ 4 = _:&.:&-.
0.0 A
0 20 40 60 80 100
Epoch
3.6 Hamming Zfib#51) il 254555 5 Epoch [1) X &
Fig. 3.6 Training loss vs. epochs for the Hamming Encoder
RH 24 [T ¥

7 —J7 i, ASChEH ) Hamming Z a8 —(E AL AL SN ZRad AR 30 1 293K
(ERREA WA FR—A> k-mer. SCHUEN, Hamming JifSarii st R4r, I HAEGS ™
Az X3P k-mer £

332 $HMEHESH

B3 7R 1 AN R D5 SRR A B R 4 B (8 1 R AR 25 T LAWLER 2, SeqDT
CR2N (&) Il CR2N (&)m) fEfrA e By T Rt X322
HAFENREAIZ R 50 Raiy @ d A LA & . FFAESERERE, CR2N
URiTR) Sk Jmy oA e L kg LU, BRSSO Sl
F B RUERR . B, 1 “robot” Zdldk £, CR2N (JaB) (U1 1.6 Mt
ik E T 98.3% MY KMERIF . i CR2N (£)7) fERZHE RS LA it
B b, FERLEREOUR (A0 “gene” Ml “epitope” XiHadR) H AR FEIR B HATATALN,
X E IR T HAE X S A R R IROCR .
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10 Em HammingCNN
HEE MiSeRe
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CR2Nglobal
1031 B SeqDT
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100<
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Fig. 3.7 Comparison of different methods in terms of the number of features

K3 87 1 B B R RGN, Hamming Z 473 73 2R HERR R A 3. ]
PAEE, MCERBEm g, ek aem s e . R, fer st is 3|
JVENZ )G, WA MSETRE . K3R48 M 0 a8 i 2o v
PRI TR A8 . AT R AR B, KA i 7 VA Bl R BB U E 13
HAZYRE R A S BB 8. BRIV 3 & b U n 3G A2 18 B[]
WA IED, (HX G RARX P22 . FERG AT S5 B 3 DA A 4 B 5 YR I 1k g
BF, AT DAE BIZ v F AR R A T 2] 9K R A K e A A 2 R IR
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Tab. 3.4 Performance comparison of Hamming Encoder, Random Forest, and Chi2 feature selection

methods

BRLE sr254%  Hamming Encoder RF Selection  Chi2 Selection  All 2-mer
SVM  0.639(0.011)  0.631(0.009) 0.602 (0.008) 0.627 (0.011)
w<lbu NB 0.588 (0.010)  0.553(0.010) 0.528 (0.008)  0.515 (0.008)
KNN 0593 (0.016)  0.573(0.012) 0.575(0.012) 0.548 (0.012)
DT 0.547(0.016)  0.548(0.017) 0.558 (0.013)  0.533 (0.020)
SVM  0273(0.016)  0.277(0.013) 0.262(0.024) 0.273 (0.018)
cuslan NB 0.295(0.009)  0.282(0.018) 0.292 (0.020) ~ 0.290 (0.013)
KNN  0.251(0.025)  0.275(0.022) 0.266 (0.037) 0.278 (0.020)
DT 0.264 (0.018)  0.280(0.018) 0.278 (0.016)  0.276 (0.014)
SVM  0.896 (0.011)  0.901(0.007) 0.897 (0.008) 0.901 (0.009)
context NB 0.843 (0.011)  0.813(0.012) 0.800(0.021) 0.800 (0.012)
KNN  0.852(0.012)  0.875(0.010) 0.837(0.014) 0.830 (0.009)
DT 0.826 (0.017)  0.823(0.021) 0.826 (0.014)  0.830 (0.007)
SVM  0.858(0.004)  0.843(0.006) 0.859 (0.006) 0.858 (0.006)
eritone NB 0.715(0.004)  0.717(0.003) 0.712 (0.002) 0.712 (0.003)
piiop KNN  0.809 (0.004)  0.800 (0.006) 0.811 (0.006) 0.813 (0.006)
DT 0.863 (0.006)  0.868 (0.006) 0.869 (0.006)  0.871 (0.009)
SVM 1.000 (0.000)  1.000 (0.000) 1.000 (0.000)  1.000 (0.000)
NB 1.000 (0.000)  1.000 (0.000) 1.000 (0.000)  1.000 (0.000)
gene KNN 1.000 (0.000)  1.000 (0.000) 1.000 (0.000)  1.000 (0.000)
DT 1.000 (0.000)  1.000 (0.001) 1.000 (0.000)  1.000 (0.001)
SVM  0.964(0.009)  0.982(0.008) 0.949 (0.009) 0.922 (0.009)
. NB 0.923(0.007)  0.892(0.013) 0.882 (0.011) 0.894 (0.010)
proneer KNN  0.959 (0.013)  0.951 (0.011) 0.932(0.004)  0.925 (0.018)
DT 0.982(0.016)  0.984(0.009) 0.989 (0.008) 0.985 (0.012)
SVM  0.943(0.003)  0.926(0.002) 0.909 (0.003) 0.901 (0.003)
, NB 0.910 (0.004)  0.799 (0.004)  0.760 (0.006) ~ 0.743 (0.004)
question KNN  0.924 (0.005)  0.885(0.006) 0.901 (0.005)  0.836 (0.006)
DT 0.932(0.004)  0.943(0.004) 0.931(0.003) 0.941 (0.003)
SVM  0.912(0.002)  0.923(0.002) 0.907 (0.002) 0.921 (0.002)
obo NB 0.748 (0.003)  0.787(0.002) 0.780 (0.001)  0.778 (0.001)
KNN  0.909 (0.003)  0.920 (0.002) 0.902 (0.002) 0.926 (0.002)
DT 0.876 (0.003)  0.881(0.004) 0.877 (0.003)  0.883 (0.003)
SVM 0293 (0.011)  0.258(0.013) 0.251 (0.015)  0.245 (0.009)
skating NB 0.282(0.012)  0.254(0.008) 0.255 (0.009)  0.243 (0.011)
KNN  0.243(0.008)  0.225(0.012) 0.204 (0.016) 0.201 (0.013)
DT 0.272(0.017)  0.271(0.013) 0.280 (0.017)  0.269 (0.025)
SVM  0.956(0.004)  0.940(0.003) 0.884 (0.004)  0.956 (0.003)
reuters NB 0.923(0.006)  0.911(0.003) 0.749 (0.010) ~ 0.835 (0.003)
KNN  0.934(0.005)  0.921(0.004) 0.897 (0.004) 0.881 (0.005)
DT 0.906 (0.007)  0.901 (0.009) 0.899 (0.004)  0.908 (0.009)
SVM  0.891(0.002)  0.882(0.001) 0.854 (0.001) 0.876 (0.001)
i NB 0.838 (0.004)  0.797 (0.003) 0.713 (0.003)  0.673 (0.007)
KNN  0.853(0.007)  0.865(0.002) 0.857 (0.007) 0.839 (0.005)
DT 0.875(0.002)  0.883(0.002) 0.876 (0.002)  0.886 (0.002)
SVM  0.784(1.909)  0.778(2.000) 0.761 (3.227) 0.771 (2.864)
ot i NB 0.733 (1.500)  0.710 (2.227) 0.679 (2.955) 0.680 (3.318)
TP (%) (\N 0757(2.045)  0.754(2227) 0744 (2.682) 0734 (3.045)
DT 0.758 (3.091)  0.762 (2.545) 0.762 (2.273) 0.762 (2.091)
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Tab. 3.5 Performance comparison of Hamming Encoder with discretization in the final step, random
selection of k-mers, and random generation of k-mers

% - Hamming Direct Random k-mer Random k-mer
etk gES Encoder Binary (Select) (Generate)
SVM  0.580 (0.016) 0.553 (0.053)  0.546 (0.055)  0.361 (0.062)

wslbu NB  0.494(0.019) 0.498(0.044) 0.364(0.042)  0.246 (0.080)
KNN  0.509 (0.022) 0.519(0.047) 0.455 (0.046)  0.339 (0.073)

DT 0478 (0.025) 0.499 (0.051) 0.462 (0.049)  0.326 (0.069)

SVM  0.237(0.018) 0.203 (0.056)  0.258 (0.056)  0.190 (0.039)

suslan NB  0.232(0.011) 0.210(0.048) 0.273(0.057)  0.175 (0.043)
KNN  0.201 (0.026) 0.210(0.034)  0.235(0.065)  0.185 (0.079)

DT  0.221(0.012) 0.218(0.034) 0.245(0.046)  0.203 (0.039)

SVM  0.949 (0.007) 0.948 (0.025)  0.923 (0.026)  0.446 (0.067)

context NB  0.834(0.015) 0.827(0.060) 0.715(0.059)  0.373 (0.096)
KNN  0.927 (0.012) 0.946 (0.028)  0.881 (0.030)  0.479 (0.062)

DT  0.846 (0.019) 0.875(0.041) 0.833 (0.032)  0.529 (0.091)

SVM  0.924 (0.004) 0.917(0.011)  0.897 (0.017)  0.852 (0.016)

eoitone NB  0.718(0.004) 0.713(0.016) 0.713(0.009)  0.670 (0.021)
piiop KNN  0.877 (0.004) 0.867 (0.015) 0.857 (0.013)  0.779 (0.013)
DT  0.869 (0.006) 0.867 (0.015) 0.856(0.017)  0.835(0.016)

SVM  1.000 (0.000) 1.000 (0.000) 1.000 (0.000)  1.000 (0.000)

NB 0961 (0.064) 1.000 (0.000) 0.907 (0.186)  0.752 (0.249)

gene KNN  1.000 (0.000) 1.000 (0.000) 1.000 (0.000)  1.000 (0.000)
DT  1.000 (0.000) 1.000(0.000) 1.000 (0.001)  1.000 (0.001)

SVM  0.989 (0.007) 0.997 (0.009)  0.988 (0.021)  0.631 (0.036)

. NB  0.935(0.009) 0.972(0.022) 0.863(0.076)  0.256 (0.062)
proneer KNN  0.989 (0.006) 0.997 (0.009) 0.950 (0.042)  0.600 (0.064)
DT  0.938(0.019) 0.978(0.020) 0.928 (0.028)  0.566 (0.089)

SVM  0.955 (0.003) 0.927 (0.013)  0.905 (0.010)  0.519 (0.027)

. NB  0.923(0.003) 0.915(0.014) 0.737(0.010)  0.513 (0.030)
question KNN  0.921 (0.005) 0.922(0.011) 0.859 (0.019)  0.511 (0.021)
DT 0.940 (0.005) 0.935(0.009) 0.907 (0.009)  0.531 (0.024)

SVM  0.952 (0.002) 0.949 (0.006)  0.935 (0.006)  0.655 (0.016)

obo NB  0.779(0.005) 0.811(0.016) 0.781(0.020)  0.624 (0.020)
KNN  0.935 (0.002) 0.947 (0.004)  0.942 (0.008)  0.527 (0.016)

DT  0.892(0.005) 0.895(0.009) 0.892 (0.010)  0.659 (0.016)

SVM  0.342 (0.018) 0.325(0.036)  0.259 (0.037)  0.223 (0.026)

skating NB  0.275(0.011) 0.288(0.039) 0.213(0.030)  0.180 (0.027)
KNN  0.308 (0.014) 0.276(0.029)  0.236(0.027)  0.208 (0.025)

DT  0.270 (0.010) 0.249 (0.038)  0.247 (0.028)  0.216 (0.038)

SVM  0.975(0.002) 0.944 (0.015) 0.948 (0.013)  0.510 (0.051)

reuters NB  0.927(0.003) 0.917(0.013) 0.801(0.030)  0.501 (0.050)
KNN  0.948 (0.004) 0.932(0.015) 0.915(0.015)  0.508 (0.052)

DT  0.908 (0.008) 0.909 (0.013) 0.871 (0.020)  0.510 (0.054)

SVM  0.716 (0.002) 0.708 (0.011)  0.675 (0.010)  0.493 (0.009)

i NB  0.627(0.015) 0.610(0.018) 0.350(0.007)  0.201 (0.031)
KNN  0.685 (0.007) 0.677 (0.023) 0.615(0.020)  0.448 (0.034)

DT  0.701(0.002) 0.699 (0.012) 0.678 (0.013)  0.452(0.010)

SVM  0.784 (1.682) 0.770 (1.727)  0.758 (2.705)  0.535 (3.886)

ot i NB  0.700 (1.698) 0.706 (1.721) 0.610 (2.698)  0.408 (3.884)
TR () N 0,755 (1.690) 0754 (1.738) 0722 (2.690)  0.508 (3.881)
DT  0.733(1.683) 0.738(1.756) 0.720 (2.683)  0.530 (3.878)
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Fig. 3.10 Comparison of feature-based methods in terms of pattern mining time
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Tab. 3.6 Performance comparison of Hamming Encoder, Baseline CNN, Heaviside, and Sign in terms
of classification accuracy

B4 I—llgilncl::;:rg Baseline CNN Heaviside Sign
aslbu 0.642 0.647 0.623 0.613
auslan2 0.285 0.268 0.305 0.275
context 0.932 0.954 0.950 0.942
epitope 0.889 0.945 0.939 0.945
gene 1.000 1.000 1.000 1.000
pioneer 0.982 0913 0.788 0.806
question 0.956 0.970 0.942 0.949
robot 0.904 0.975 0.970 0.967
skating 0.344 0.366 0.323 0.347
reuters 0.978 0.982 0.970 0.976
unix 0.923 0.928 0.925 0.930
P UER 0.803 0.813 0.794 0.796
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Fig. 3.11 Visualization of the first five convolution kernels of standard CNN and Hamming Encoder
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B, i BELAE B SR IR AR e S AR A B s e BRI, 3K
T A FEUB S BRI P e AR (BT R K AT 7)), JERUFER

33



AR PP 25 R

BF. BJG R H PCA B4E)F P04 T K-Means K25, FREUHIIA R AR .

(2) RorpEmaIzdE

EIRTHRENIIR RS, SRR A SR . AR A AT KU AR A A
XSRS, Heifdm B 7 BB AR R sk i 20 At

(3) I Ha 2

FF B X AR, M SR AR SRR A R
ERF A BRI, TR AL S AU RS ER G, RN A B i AR
M S8 Er

(4) HBEMNEALAMA

KR 2 BEFEBL R B 4, Bt T BT Boost SR H 38 MR AL
TR P B RE E IR, B B A A F A X P

BEE SRR TR %?ﬂﬁ%@DﬁHﬁ¥%ﬁklﬁﬁiﬁ~Aﬁ
B kAT ERE b — LAWY SO, AR SRR T A p,
PN FH s BB p (B p Cs).

TE RN SCHT, RATRAFEG AR T RS2 TR g (564.2.277) FIE T
VR R i (B54.2.35) .

422 EFRHERRITRE

TEAF R, FATRAEA 2 A nr e BT AR IR e SRR e S e R R B
WY, WA ARV BRI Z MR EE R, R A i e s
55 BN 25 1] o

0 ifi=0o0rj =0,
LCS[[j] =< LCS[i—1][j — 1] + 1 if Pli] = S[j], (4.2)
max(LCS[i — 1][j], LCS[][j — 1]) if P[] # S|j]

B S T T

< bd > < abddc > <*pd**>
< cec > < acaeadcd > <% C* e %k C*x> 3
< abbaa > < acbbccac > < a*bbxxax> 4

K42 IHRERRK AT ER RG]
Fig. 4.2 Example of calculating the length of the Longest Common Subsequence

AR MER AT (LCS) AATRMA RS Z B RIE (FEL SR
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R e NP1 ) o 42520 T I B CRIF 21 2 18] LCS KRIEERLASR B A
TIERTCRBE R I R A E v, A SCE— RN Tt (PCA) #EATIR 4.
RSP ) B2 8 AR RS TR ) — A BARAE R 25 1A B, ASSCRY i K-Means S8R 5%
BRI R BRI TR,

RARARMBIRA R, EELHRIT: 655, WPVEHEE D F B —
ep s (473 5] 6) o RIG, ASCHH LCS AR 7 2155 FRE R & (17 8) .
G5, B PCA BEATIRYE (17 9). )5, (A K-Means WP4RE o] & #EAT SR LATRAS
RAEGER (17 10).

Algorithm 4.1 FfiH1 3% 585

FA: FPAVBHRE D = {s1,52,..., sn}, RIHC K, BEXBR: num P, e KHEVUBSUKE mazs.
fﬁiﬂ_’.: Eég’é C = {01702, e Ck}
1: T <+ readItem(D)
Pset + 0
for i € [1,numP] do
[ = random(1, maxS)
p = randomSubsequence(l,T)
Pset.add(p)
end for
feature < lesTransform(D, Pset)
feature < PCA(feature, k)
: C < kmeans(feature, k)
return C'

ToYXIINERN

—_—

W BASHKTBP I s, FFENLUT IR p 2 BRI EE B R B RS 2% O(|sn| -
pl). B, KA D] P2 2 num P AFEVB T EIFEER O(D] - numP -
maxl - maxS), HH mazxl FoRBAEE PO ERKE . HAh, $hAT/ES: PCA Bk
¥ num P ANMERER A SE 22 R O(ID? - num P + num P3) U8l f5 £ 24 1) K-Means 4.
e, ZRERN O(D| -t - k-numP), Hi k@@L, t RHWSURRIEA
WEL.

423 RIERE

FATAT AR S A E AR A A 1) 0 2 . BRI, 2R @ WIIRER R
C ={cr,co,. .. e}, ROFTER b — 1 ADREPIE D HRBMCRHA DT ER
FEF RIS, 1 SeARYE SR p MTEAER SR 2 D R A4 & D, 1 Dy
SRR IR AL R H 3 T4 73 241 Top-1 X3RS p.

SR, MACFREA R EREMBIRERT, HEMIHERN S 24050, i el
JE, AIRERIAME . FEA ST, FRATHR 17— i BT A XU 380 o 438 R R 11X
PR

(1) ZrZdhnit

FEXT RS, (RR) & F T VA e SR X B 7 s R B o A p IRREDGT XU 3
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Algorithm 4.2 ISCT #4) 7

WA TFIVBIERE D = {s1,82, ..., 50}, IEL K, $ETHER A boost, T KA B
max N, F/NFHNEL minS.

i AR S NV

1. C={cy,co...,c1} < Algorithm 4.1(D, k)

2. N < creatNode(D)

3. Built Tree(N,D,(C)

4: return N

function BuiLt_TrReg(V, D, ()

1:

2: if £ <2or|D| < min(K,minS) then

3: return

4: end if

5 if boost = T'rue then

6: C < Algorithm 4.1(D, k)

7: end if

8: candidatePatterns <+ ()

9: for each cluster ¢; € C do

10: freqPattern < mineFreqPattern(c;, maxN)
11: candidate Patterns.add( freqPattern)
12: end for

13: p < getTopl Pattern(candidate Patterns)
14: if p = () then

15: return

16: end if

17: D, «+ {s€DlpC s}

18: D, + {s€Dlp L s}

19: E+—Fk—-1
20: N.left < createNode(D,)
21: N.right < createNode(D,)
22: Built_Tree(N.left,D,,C)

23: Built_Tree(N.right,D,, C)
24: end function

FONIEZE DY PHSCRE S 2R D SR L

_ Supp(p, D)
Supp(p, D7)’

Horp, IER DY i ARSI AIALUR, D i HASE R A FoR P A1 A . B T
FHXT IR, (1 AR PAITAR (DU JEE B A A AR p S IR -

lpl < |D7]

D+t ’
S sl

RR (4.3)

SIM = (4.4)
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o pl A p B, DT ZIEE DT s 8. matdid, WA X
71, AT TR A P A

ORI, AR RS A R BB —RREEROR Y, 43 26 X T &
AR, B R S A S AE R 2 K. N TR —20K, EX DT

o

D" = {c; | argmax Supp (p, c;) }- (4.5)

A SCEBER AR p s SRR RN IEZR DT, HEH — X 2 R 5311
kD, K D™ =D\ Dt ARG~ 4.3 5IHA Fm XaBE . 4n
LA A A R BRI KU, FRATTAR IS 2 4.4 i Bk STM {E e85 A
o H HATAZ AT X 7 B AR i LAl

(2) FEmH

MR, (A Top-1 KAMERF AR HEFT 024, &% es) 4
Be Al —R . ETiX— B, AL T T A R R R A
e

PRI RN EEA2 R . BB — R AR R4 LA kAR RIS FEVIRIBAR
RN G, AT Built_Tree Rty #H)

PR AT T ) R ) S 2R . FESE — BB, BER A T A IR
M (1128 4). HB—MRUER b <2, HTHEEECBRI RN 88k B2
WS |D| < min(k, minS), HFH0E 2GR TS H5/NT I 7724

TR A LRSS, R 7 SR 2 8 ok R g A o« € C 75
B (79 2 12). FR [ A 2 B8 Top-1 AR p (47 13). WIER D )7
5 s WA p, MFHAES S TS H—J0E, RPN EEHENS p, W
HABCAZe 7358, BV Built_Tree PREUKSEAI R (F7 17 8] 23). —
FUITA AT 50 A AR e, S RRRSERL T .

(3) $EFHHz

LI AR, AL A T B RN, XA E A R 2 B
WA ER C SHENX C Z A —F. XFAR—ECEE T 6 2 2 i 2
B HEE A BRTIIRSE ¢ Z 2SR

R T FRPGX A W, A SCHER A R AR T AR T R . TR, AR
LT AR b, i ERA IR A B C o 43U T XA AR T4
He

H T BEALAE 5 R W RBR 1, 15807 7 KT R I A B R . i, #E
Fl4.3r, 582 IRaig, BoME ek Ak 1R 3 i)rsl. R, 24 D, NEdEE
R RIS, —LE(CHIAERE 1 P8 I H gl £ 57 0 TR Se(E R, FRA742
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Cluster 1

Cluster 2

Reprojection
on Random Subspace

K43 et i RR S 4 o K Z T AR — 2t K Boost S

Fig. 4.3 Inconsistency between reported clusters and given partitions, and the boosting strategy

TR ER T HES AR A B ER 55 B AN [ 1 s AR EET R AR I D
XA IR AFR O BHERRATALR I 5 S B P8 R TR R — Bk

Bl 1. % BERA LR MR BTSRRI, AR a g A Fa (D] =6) Fi—
T ={a,bc.d e} FORMTTH L HARPER 3R =ARE. 44N TR Bk
PR A

KAl IRPIF I B RIS IS,

Tab. 4.1 Toy sequence database and clustering results

ID 5]l EEEN ID 52l DN
s1 (abddc) 1 So (adbbded) 1
S3 (acdeeaa) 2 S4 (acaeadcd) 2
S5 (abbcaac) 3 S6 (acbbecaa) 3

SRR Top-1 KRS p1r = (bd), ERFEIR T AP ERIE. 13356 —
AR 6, HPEETH s fl so RIGRERISRTHN S B 20T AL T IEARiESR
W2 230053, 45T Top-1 AR po = (ab) . PG T — AR FER
T LT ARRE R B, Hodh oy =AM L R T AR TE TR .

(4) BRI ZRpE

5 HAE T RHER SRR, ISCT FFERPURE 7. I, ISCT ()
B2 24 B 2 D46 T T R U A sk . it ek, 55 Bdla b iz
i e RATEAA S A NP . TR EAE, PR RE ) . X
TS 2t FEE o 38 AP 0 5080 P v T IR B 7 ASE K, A A T g R A 2 NP Y
SR, e S R B/ N SRR B B AT AR R B A8 2 s ], IR H A I U ARG
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{s1,82}
Cluster 1

{53,584}
Cluster 2 Cluster 3

Kl 4.4 BRCHRY 2

Fig. 4.4 Structure of the pattern tree

BSEBR T R 2 B P DA 2 . (R, A SOl A7 0 SRR S b 542480
L KRR

RIS AR AT T - SR TR AR AL W G5 R T R A A AR
X BLPIRIE AN O(k - 6) o XM EIEEOR UL, HHRHIBIETRE O(n). X}
BT R A U 55 AT ST S R A A EZ I, RIS 2R B O (n - maxl -
maxS). BIETEEIRE R Ok -0 +k- B+ k-n-maxl-maxS), HA 5 HIEFHA1HT
P ERE G BRI, AIRANHEAT boost FEAE N 1.

43 LG

AREEAN A T ISCT WysEi it amadnde . Sy, JHmscs . R ERE
FIRTRREMEAT HE o FRATHE 14 DNESCEREE EobFT T RE S, 4 Activity ™1, News
731 F1 Webkb 1731 46 3 ASFrif g, DAKTE E—3 5 PRy 11 D EERORSE, LA
VAL ISCT HPERE.

43.1 SCIGHRT

RA2REE T TSR AL, QIR T/ JFAL K B
HHHI.

(1) Wb

AT RIS ORAUE (Purity) . NMI (H—(KIL{58) A F1 AL
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A2 P = AR ARG RHE

Tab. 4.2 Statistical characteristics of three additional sequence datasets

G/ S |D] |Z| min/ max| K%L
Activity 35 10 12 43 2
News 4976 27884 1 6779 5
Webkb 3667 7736 1 20628 3
2o B E LA
L&
Purity(C,T) = — max |¢; N ¢ , 4.6
wCT) =5 3 el (4.6)

Hrbon 28RN EE, T F C 535l Shabr s Sk R AL
NMI F)E AR

2% MI(C,T)
NMI= ey vy 7

Hrp
MT = H(C) + H(T) — H(C,T), (4.8)

FERRLER (C) ML n% (T) 2RI EARE, H(C) M H(T) 7 5l & R L 5L
R bR 10 B0 o
FI 5305 S -
Precision X Recall

F1=2x (4.9)

Precision + Recall’

Hrp
Precision = Tijl——PFIy (4.10)
TP
RGCCL” = ’_T_P—f——F']V’ (411)
TP. TN. FP. FN 4 5l2EHE. BIME. RAMFAEREIE.
(2) X7k

AFERE I AT BT A A T IERE LU -

© JRUCRETHE: HC B2 SR AR E G 8 PH 25 R AR A R A AL, -3 B
THERIKZHREE . %T MCSC P, AT B_MCSC 421k,

o BETHRHMEM T X FB-LL BU ) S5/ N R EERE e ok 0.05, 55X 4 BE R il e
3% 5 2ZJE. X SGT B FA1KE kappa = 1 Fll lengthSensitive = False,
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F A3 TEARIRAHEEIET, PR RR R .
¥ ICST(Boost) ICST(Direct)

Purity -0.099 -0.158
NMI -0.202 -0.264
F1 0.040 0.039

* 4rX 7k kkmeans B2 ] 3 E AR A% . X T k-Median Y1 AR iR B AR
B AL B & . X MinDL B4 ZESTZ%L o Fil v 20 B35 E K 0.1 A1 0.

« FPRIBTE: NTC 5 e HERA G K EERFA R 5 7551, ASRAS
BN, AR5 R H AR Bt SR sl BE DL AR AR B A SRS TR
BT PP SAE R SRR A R P AL (nTree=10) , DABIEF S IRUE R -
XFT RFSC M9 0 Je e — BT UM SR A, 985 B ) B R AR
MEFE R N RELER . ARG, BT BRI R s R 126 Ui
L —BORZE. X, IR (o) MBEHUER AR (num P) 43 31CE R 30
#0110,

éj\
63\

(3) el P BB

TSl BARIH kRPN TSR KM, BT MinDL, SS7E ATk
AMD Ryzen 9 5900X CPU Al 32GB {7y PC_Fi#EAT, 455LRSMIE Uik Bt TH(E
BRAFHY . ISCT HYERBERBA T 2048, A mind <10, MERAEARBGLREN 5,
HORBGR KR mind, 7 & ASEBGR M BOR L W 512,

432 HELEH

FEAAT R ASCE A WS E T ISCT (8. w2e, il FEvL & ks
RRLERG HE BRI SRR R . A8 SCHE 1 B A A 38 TR iR 32k,
[7 Fof R 1 1 AR 0 2 o FEAR R B R R, AR SCH AT —Fh Boost J SRS B A4
R T IRUE RIS A R, A SCEEAL S PN DA S 4 EHET TSR

AR T ARG B 7 YA BB LA 52 SR A TR 2 (B ) P 3 Tk Rl 3 1 LU
S50, Boost SRBS I MERE DML T HIEM B .

FT SRR SRR S, A SOl t-SNE X “Reuters” $d4Ed-T7 Wik, AT
WAL R 4.50 . MEIH AT PUE H, Reuters BsAE7E R AR 5125 (8] v (¥ pU A
TR AT IR AR BRI . R, X 580 K-Means S35 45 R IR 15 (0 R0 4% (0 75
RN FEIE IR A AR T EORAS A IE A, SR, R Boost SE
FRATT ST MR BEAS TR DX 2 DU A AS [ 2R B A5
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777777777
000000000000000000000000000000000000000

K45 AARIGRS . K-Means, EHMEF Boost #472 HFFEZS[A] K t-SNE Al ¥4l
Fig. 4.5 T-SNE visualization of feature space with original labels, K-Means, direct construction, and
Boost construction

433 BEIiMERE

(1) tae

AT R PP RS AR L 1 = BT MR RR 4k . SR, S BAFTIE
B AR T LY . 244454 T ISCT, HC, FB-LL, MCSC. k-Median, MinDL ., kkmeans
RFSC. SGT #I NTC [:REHES R, {35 Purity, NMI Fl Fl-score. H T35 H 17
TENAERRE, B4 SGT LSRG, £F NTC, T Fsednde LG T #
VERTR, MR EE R . B4.78R T 14 MRS AR AR S T o

kkkkkkkk
RFSC

(a) Purity (b) NMI (c) Fl-score

& 4.6 FEEEMHIKIFEH 0.05 B} H) Bonferroni-Dunn I 5 2= 5 &

Fig. 4.6 Bonferroni-Dunn critical difference diagrams at a significance level of 0.05

AFEAR M ISCT JAAE T WA AR B BT T iR BRI TERE, RIITER B
PEREDT WAL T HABTT k. O 7 HE— P4k ISCT 5 HAR I IR HERE , #6471 Bonferroni-
Dunn #55, PARIE ISCT 2155 HA AR BRI F B . Wi asf (CD =
2.49) WE4.687Rn . WERFAN IR S A TR Z MBAIRER , R ik
FHAF. MG AR L, ISCT H AR T Brg HAbI &, BAevEae o mit T
HC. {HFAHEERE, MinDL 7R fdinde BT 7 HRom g, A, el st
KRR, AP RAARDIFES. i, 7& “Pioneer” #dfadk I, MinDL 2L i,
T 234, msEbRER R HA 34, 2T SCT, e Z8dnde ERIR 4, (HiEd
FRBIE R Bl T H A s AR R R B . SPIRR2 UORES L (HC
I MCSC) MLt , FATH iR AE RS BRI & AT e,
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F 4.4 ISCT HRFHIIATERE L

Tab. 4.4 Performance comparison of ISCT with baseline methods

Datasets Evaluation ISCT HC FB-LL MCSC k-Median MinDL kkmeans RFSC SGT NTC
Purity 0.994 0.600 0.643 0.686 0.695 0.600 0.720 0.700 1 0.886
Activity NMI 0.973 0.038 0.129 0.118 0.231 0.078 0.225 0.248 1 0.565
Fl-score 0989 0.652 0.613 0.537 0.620 0.515 0.612 0.664 1 0.808
Purity 0.491 0.380 0.501 0.373 0.441 0.507 0.469 0.507 0432 N.A
Aslbu NMI 0.218 0.028 0.220 0.046 0.139 0.177 0.157 0.230 0.164 N.A
Fl-score 0317 0.366 0.286 0.183 0.268 0.126 0.257 0.360 0.306 N.A
Purity 0.348 0.195 0309 0.275 0.316 0.295 0.321 0.347 0.356 N.A
Auslan2 NMI 0.331 0.159 0336 0.221 0.315 0.245 0.316 0.312 0.355 N.A
Fl-score 0.265 0.173 0.246 0.153 0.251 0.193 0.256 0.209 0.265 N.A
Purity 0.569 0.425 0518 0.354 0.572 0.55 0.610 0.377 0.792 0.600
Context NMI 0.557 0.466 0.407 0.071 0.515 0.300 0.593 0.201 0.655 0.538
Fl-score 0.551 0.487 0.444 0.235 0.523 0.211 0.573 0.352  0.699 0.535
Purity 0.627 0.559 0.559 0.683 0.594 0.670 0.656 0.674 0.559 0.559
Epitope NMI 0.114 0.044 0.096 0.093 0.054 0.060 0.126 0.105 0.142 0.142
Fl-score 0.587 0.671 0.635 0.585 0.550 0.277 0.582 0.568 0.620 0.620
Purity 1 0.511 1 0.519 0.935 0.965 0.999 0.977 1 1
Gene NMI 1 0.060 0.994 0.012 0.782 0.158 0.989 0.875 1 1
Fl-score 1 0.665 0.999 0.500 0914 0.059 0.998 0.956 1 1
Purity 0.254 0210 0.269 0.241 0.284 0.535 0.462 0.266 N.A NA
News NMI 0.020 0.002 0.106 0.007 0.036 0.249 0.226 0.023 N.A NA
Fl-score 0.262 0.253 0.329 0.218 0.263 0.256 0.344 0.282 NA NA
Purity 0.798 0.656 0.652 0.644 0.662 0.713 0.807 0.790 0.806 0.881
Pioneer NMI 0.549 0.064 0.175 0.090 0.097 0.181 0.459 0.465 0.474 0.616
Fl-score 0.688 0.657 0.476 0.406 0.515 0.338 0.652 0.686 0.684 0.727
Purity 0.656 0.518 0.518 0.745 0.604 0.570 0.560 0.656 N.A 0.637
Question NMI 0.122 0.022 0.019 0.295 0.081 0.047 0.015 0.086 N.A 0.205
Fl-score 0.572 0.666 0.619 0.665 0.591 0.546 0.514 0.561 N.A 0.626
Purity 0.579 0.255 0.321 0.347 0.448 0.287 0.699 0.528 N.A 0450
Reuters NMI 0.392 0.097 0.101 0.048 0.154 0.062 0.482 0.293 N.A 0.319
Fl-score 0.501 0.298 0.350 0.292 0.388 0.391 0.582 0.479 N.A 0431
Purity 0.639 0.515 0.544 0.637 0.557 0.535 0.618 0.595 0.683 0.551
Robot NMI 0.071 0.046 0.035 0.056 0.017 0.019 0.068 0.032 0.107 0.032
Fl-score 0.551 0.655 0.592 0.538 0.521 0.522 0.564 0.522 0.585 0.643
Purity 0.208 0.183 0.222 0.221 0.220 0.232 0.228 0.221 0.227 0.215
Skating NMI 0.041 0.029 0.041 0.023 0.041 0.112 0.032 0.039 0.053 0.047
Fl-score 0.224 0.252 0.193 0.150 0.181 0.246 0.164 0.169 0.159 0.181
Purity 0.506 0.444 0491 0.464 0.479 0.756 0.451 0.610 N.A NA
Unix NMI 0.110 0.004 0.094 0.031 0.055 0.224 0.018 0.235 NA NA
Fl-score 0385 0.484 0.422 0.308 0.371 0.227 0.438 0430 N.A NA
Purity 0.502 0.444 0443 0.448 0.479 0.723 0.473 0491 NA NA
‘Webkb NMI 0.094 0.020 0.055 0.019 0.072 0.199 0.126 0.078 N.A NA
Fl-score 0452 0.421 0455 0378 0.426 0.341 0.403 0.473 N.A NA
Purity 0.584 0421 0499 0474 0.520 0.567 0.577 0.553 / /
(2.86) (7.36) (5.14) (5.36) (4.57) (3.79) 3.21) (3.29)
SE(E NMI 0.328 0.077 0.201  0.081 0.185 0.151 0.274 0.230 / /
(HE4%) (2.35) (6.93) (4.00) (6.36) (4.71) (4.50) (3.42) (3.64)
Fl-score 0.525 0479 0476 0.368 0.456 0.303 0.496 0.479 / /
(2.79) (3.43) (3.64) (6.57) (4.86) (6.79) (3.86) (3.93)
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Fig. 4.7 Running time comparison of different methods

S ETHER )7 FB-LL #HH, ISCT 754 B iy 4l BEF1 NMI J5 i T
FB-LL, M7t 9 Mdase Ei Fl-score HTIW LT FB-LL. XAkt 3 2HK T ISCT
R BAZ 050 . 72 FB-LL Hyv, Rk ) it i A2 I AU A iy . SR, A3
FR AR EERE AN AR TR E I, X BEREE AN R A AR R AL ) W] RS2 AL
e B, 2R A BRI E B . J5— T, il R AL A
BT LCS WA RE &, FA SRR EXS T 3R T B B XAy it TRk
R DA RE T, A HAE SRS AR h T A o X A R [T P 271

£j kkmeans FI k-Median #H1t, ISCT ¥ R Z 8085 LRI A AITERE. HLAL,
WME4. TR, FATHIHERI S BERE AR, B2, ISCT fEfrRik nl ek m [F
WF, SEELT HiSdEEAS rERE T BT R OOR 455

(2) AR

FER IS, IR AR AR HERITAL B YA AT A REPED Y . T, XA
TR T, TR FE AR S AU B RN B 0 [alRE, XA ZEk, Al
(%) H Arae i/ IME 2 2477 s Bl n g . A8 0 SRS s/ s, oo R
S AT BB AT 7 -
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il 7 51 SRSV H AN ] AR AN A BT, BEAR EA T RIS & B R B, 7
PRI TRFAL A SR A, B @ H 2 BUEH 2R, WA LA BJLT Z A
o XEETTIAMET A iBdnon, AUTH BRI, X2 A0 R —4 %
BB BER . ASCHATERET RN 751 I % RESC #E47 L. X i
PO M B T4 A0 07 A mh P AR R R J3E . AN IRI4. 8 s 19 FLEE 521 (7 , ISCT
W12 b RESC S AR, Rl AR B R Bida gk (A0 “news”, “webkb” . “reuters”
l “question”) b, [AIPERIFTEAPERE. BLAh, ISCT MR BEIE 5 L R 2 B de
B RFSC Ji. X3KH] ISCT M T W3/, [l if5 RFSC M EE, FERLREE
M ERA TSI

732.9

question

Datasets

Pattern Length

]
2 E
=z =
<

context
webkb

=11]

) 2
= =0} =
=5 -
%

question

Datasets

4.8 ISCT Hl RFSC {e-P- ¥ BRI _E s Y A s i S B D T A FE 3
Fig. 4.8 Comparison of ISCT and RFSC in terms of utilized pattern number and pattern length per tree
on average

N T HAUEHATER AT IR, ASCPA “pioneer” K Bl 22l RS .
FIrA Bl S SRR B RN T AL AL S5 R AT HEAN ST T R3], BEAh, ARSCR ISCT
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(a) Clustering Tree for Pioneer (b) Hierarchical Clustering for Pioneer
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