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Abstract
Deciphering the information represented by DNA sequences is one of the fundamental problems
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of genomic research. Gene regulatory coding is complicated by the presence of polysense rela-
tionships, and previous bioinformatics methods often fail to capture the implicit information of
DNA sequences, especially when data are scarce. Predicting the structure and function of DNA se-
quences from sequence information is thus an important challenge in computational biology. To
address this challenge, we introduce a new approach to represent DNA sequences as continuous
word vectors by using the language model BERT from the field of natural language processing. By
modelling DNA sequences, BERT effectively captures the sequence properties in DNA sequences
from unlabelled big data. We refer to this new embedding representation of DNA sequences as
DNAVec (DNA-to-Vector). In addition, we can extract pre-trained word vectors from the model for
representing DNA sequences for other sequence-level classification tasks.
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I, RN RRINKES SEMIES 2 WAFAE S b, ZIbE R, TFRADE S A
AR LUONAEY) 50 W S ER A — N A F B AL AT AT I v, AR, AT R BLS N Z80E 5 A H K
AR IR S SR AR AR . BEFEN SR T — AN BioVec [LJBEAY . 2R AR AL T —Fh 48
(B AT S R R FURFE SR BTV . Wang S8 NP R T — R4 A= P ) & (Bio2Vec) (1 AE 115 & Ab AR
A[2]. Bio2Vec &4t T —AMHESE, ARVFRFTEAN 1% AV HI ) B SUE BB S 15 A5 R . Chen 58 A
[2]FIH B ARE 5 AL BE(NLP) B ARSRAS T & 8 H T FI I 4 5 7] & 3K 7w - Heinzinger S5 [318 FH IR FEXUANE &
B ELMo [4] N AR e AR B0 bl £ B 1 0 9 A A P B 1 « MENEGAUX S5 N [B10F K T —HR 2
9 fastDNA (158, A SE T ] DNA JP AT & 1) k-mer FIESHMRGER R, ¥ DNA FHIH N —
AR A . AT B fastText TR ZE[6] [7]SEIL 1 IXAMRAY, Horb i J 31— AU H AR TE 5 1Y
k-mer R N, Patrick Ng JT& 7 —/N4 4 dna2vec [81f751:, %7 VEET NLP H—AN TG PE R 7Y
Word2Vec [9]KF2HL DNA 741 HFE 45 & MR, o] AR A7 Hh AR DNA T4 B0iE . B RS2
SRR, FIHEY T 00E UE B R T A I B R K B At X8 TARBIE & ALY
I3 288 EABAEERI R

TR PR B B NLP 75 AR P18 5 AL BT AR K 70, (R B AR1E 55 A B 4 DX B AR AN W7 1) 58 3
AR, DARTH AR R LY FREBRIFRR. . Zarrisiil Word2Vec [9]. GloVe [10]% 7
T2 GBI R HRTERIE, HOEMIBTIT ELMo [A1EH T — AN s SR 5] B R ekos, S
TE 2 ) MOBUE S 1 SR R AE -, ELMo {3 FH /MO K A AZ M 25 (LSTM) [L1M4E S, JFEAREIE
BECEM BRSO R IR . GloVe [10]48 FFL# B PR B R S0E B RN B o X2 [ ONE S AL B R
BARRE] T Z R, BB F AR R A R B IERE X B BRSO, BERT [12]2) ZH T
NLP S38 (2T R SCAH ORI R n 88, [ 75K 2 50 NLP S BUAS T s st ik Re. fEREH
SRIE T AR 1 S R B BERT HAMRSRINRINGE ), RN S [13]0 TR 2 o) B AL A F 1 5 2
). JET BERT XM P AR NG T, BRI AE I e SC 3 rp AT T4 LK 2H DNA 741 ISk Il 25 BERT
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2.1. BIESE

BATHI TR A AL ] hg38 AN ZRIERIZH 4% chrl 2 chr22 BT IIZRR . Bk, ©4152& M UCSC
(http://hgdownload.cse.ucsc.edu/downloads.html#human) R &5 . ok, FRATHEE: 7 X A1 Y Jetadk, LA 2R
AR A 8L F 51

2.2. BERT: EF Transformer BN [EiE = {EH

BERT & A [ N SCHH ¢ 1 g ] R A8 280 o % A 2 DR 08 Wi 0 5 55 28 R 11 5 1) 568 P 0L T
Tranformers [14]. HH 15 5 B8 A T2 AR SR IR AN B A WL, DLAT IE 5 AU IR TP AN R ) i 5 4%
B AA AL BAFINAEIE). BERT A T — AN ERGE S 8L, nT DTG 51 o BE AL R 3]
AT BAR F25 3] B R SCHRFRIR . [FIRE, E7E R 280 NLP 145 B3RS T st rvkRe, [Fe R &%/
(R 58 AT 55 R RS Ok 6 FH T AT 55 . A9 BERT [1E, 16 ERE S B i A E R AFE B,
AN S R AE A5 B, X T3RAE A SRE S P 101 & 2 0 B . oA MR B AN A R R % T DNA 751
MR NIE T O E BN . AE R0 DNA J7 5138 A2 1 B 1 e 045 508 AT BN R &R, BE R
FETufE 2 A R SO

2.3. 7id

BAVEAT B A — A —BARd, 12 k-mer Rk —A DNA JFFlbric s, xfpirik
C) 2 H T DNA P51 k-mer 7Ry i /A AN i AU IR A 15 e 1 5 SR i H ke ok,
BAETHEEEN LT XERENRERERRAN k-mer A S H B AT AT 22K k-mer (3 <k <8)K41%: DNA
FPol. BARINEMW TR : 45— DNAJFH S, H/edid e S FIFanK BN k 1T 18 A ey B 1 ]
ERKPE N k-mer, R K B ERCR FH B EEHLRAE . B0, GATCCCAC 148K k-mer (k = (4, 5, 6) AT LA
#&{GATC, ATCCC,TCCCAC}. 7rialsnfil il 1 fion . fEFRATIISLEG A, AR (11 R A4S k-mer PIFTH
HFH AL 5 MERbRIC. [CLSHRE S Fhrid; [PADMREIA T RIL; [UNKMRE K HAIbRid; [SEP]
REFFH NS ERRd; [MASKIRERBE AR IC . BRI (¥Rl S 87365 /.

GATCCCACCT--GAGTGCTGGA

GATCCA ATCC TCCACC GCT CTGGG TGG GGGA

Figure 1. Variable length k-mer assembled
1. A 24K k-mer kA%

2.4. FiNgk

AR 2 BT AR B T 25 TAE[12] [15], ASEER M SR/ 2 Bior, X+ —B DNA JFHI(F 51 i
KEINK L 512), A TR FH AR k-mers J 1, FELELIF BN —AMRFEEA 751 B AR 1L [CLS])
AR AE 285 AR IN— AN 27 3 91 435 SR B R IR AR AT [SEP] . ZE N Zii AR R, FRAVTHE Ak 5 51 o () 2L k-mers,
TR E AR o — BN R B 15% (B b A DL R s DA (1 i B ) o AEARIE S BRATTE A BERT
(L =12, H = 512, A = 12 EMHER SR BT IS, K L AARRREM NS ES, Bf 12 4
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Figure 2. Pre-training model structure
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3. SLIRGER
3.1 FEEFEDUHEISH

BERT PAFAAN g AR N FEfl: Transformer [14]Z8 A1 MBI 5. IXPHANEARE BERT 7E1R
Z N EBUSAR B (4 )5 K]« Transformer J2 —ANF AR, B8 TG4 M 45 (RNN) [16]FFE IR 4544,
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Figure 3. Visualisation of attentional mechanisms in pre-trained models
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A R, JPHR— B KR T R IIBAE T 3-mer Z MW FT A FRid. a0,
7EK] 3(b) layer3, head3 ', “gegc” VERBAEAET AR “gat” « “aaa” . “cct” W k-mer. — Ik
FoH k-mer AR NRHER T CpG &, 45 REHIANFKK) CpG & )74 A MEFH k-mer #5250, FEAZBE
BUFA, EIEARATR 34T, 4-mer FIRIMALF[19]. KB CpG B EA B 4-mer 7340 . IR WA A&
1, CpG &\ T 5N, BRI BN EYERRAE T A M P AR e ik, T 3-mer 72 HLBUHE WL 3% 5%
DT, TR AR TS LU BE BRI 4 o TR, B AT AR 24 50 B 7 41 b B 1 R 42 1 3L

MR = TEE A T AERE T th-idf (1 EL A R k-mer o FRATHHE 7 4K DNA FEFERHE
H k-mer [ th-idf {5, b tf-idf {ERT 100 £ k-mer FJid z B 4 s . ARYEFE 3(c)al 4, &ML
HAE T tf-idf {E L s i mers b AR = 3R BHZAR Y BE R4 25 R ZE A (1) 548 k-mer o

B Y e FEIX — R o VERTBE 1 AR R B G 117, GG IR R A% & o 7E14] 3(d) 17, “gagtgagt”
(FVEE ) EEEREE ARG “gtgetg” « “tgetgga” b XFERAGHABB R I, B0
TEVFZ AR b, RO A R 1 28T B ARG & AR R I SR b, R BRI BR A% e SR AH
RIS X o BAE 4 B iR 7 Pl SR 2 v B Ly =X, 45 R I S br A5 3 1 —48

B LI DNA F51 4 .

Figure 4. Word cloud graph of the top 100 kmer with relatively high
tf-idf values
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3.2. DNA F3IRiAEI 2 R R

K DNA 751 (11385 3 32 7R 2 — e Fo o R I k-mer B4, fEVFZ M A, 5 k-mer #E N2 A
KEJ, Wk=61[2], k<7[20], k=8[21]. AFEHZ, H k-mer fEA— one-hot [n] & FAT B ZmAD S
EA]— %} one-hot 2 8] ) 2 B AR R S BRI, IX R~ k-mer Z 18] 58 4 AT M oe bt o 17 HLIX Fhgm s o o S 808
WA MR R, 25 5 52 B 4EBGH TSI REm o N FH SRt AL 35 27 ) SR MR e A= 9 1 1 4 A 1) 1)
W, X R . RIE, RARE T R IETHIZM DNA FEHIERR 7. % &% BERT HIT-Hiil
R T HRBE R R, FRAME KA 3~8 1) k-mer. YIZRBEALE AR k-mer #N — N n 4ERFAE 25 4],
AN k-mer A2 BAFAE [l L . B, RIS AR AT DAFRIR AR/ V < N RS, Jo
V ORIE RN, NONIRARFIEZS A 4E%, RI03R V 2 AT k-mer [4LE A0 FARIC I 5 MRS 10
Bt AR, BABRIINSGEENRE —ZEREE, J28—1NKANAV <512 [ NFERE . &4
B H R N E — S 512 i b . AT A LA — A~ & 8 bert-as-service ) T A
(https://github.com/hanxiao/bert-as-service) 3K HL I~ SCELIAHR AN o SRAF I TSR 1 1] o) B T8 Xt 4] 5 BT
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Figure 5. Pre-trained word vector representation
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