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Abstract

Enhancers are a class of non-coding elements that play a critical role in the transcriptional regula-
tion of genes. Enhancer dysfunction is closely associated with numerous diseases. Traditional ex-
perimental methods for identifying enhancers are costly and time-consuming. Existing computa-
tional approaches exhibit significantly degraded performance when processing single-cell data or
epigenomic data with low coverage. In this study, we propose AttLight-Enhancer, a lightweight mul-
timodal deep learning model that employs a cross-attention mechanism. It is designed to identify
enhancers from low-coverage multi-omics data. We also utilize knowledge distillation to transfer
knowledge from a complex teacher model to a lightweight student network. We conduct experi-
ments on both simulated low-coverage data and real single-cell ATAC-seq data, with the coverage of
simulated data reduced from 10% to 1%. The results demonstrate that AttLight-Enhancer achieves
an AUROC of 0.865 at only 1% coverage, outperforming all baseline models. After knowledge distil-
lation, the number of parameters of the student model is merely 18.5% of that of the teacher model.
Through attention visualization analysis, we further reveal the importance of different epigenetic
features: H3K27ac is the most critical, followed by chromatin accessibility, and finally sequence in-
formation.
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385 - v W A T KR R R, B AR S IS S A, (H T DAFERR E (4
J SR RN 25 S At RS fff b 8 0 B R SR Rt AR, AT 4 1 40 B 1) i DA S LRI RS [1] [2] i HL 245
FUO R i B BN KT B 2 R B 5 T AR AN R 40 B R s P LA S ME[3] [4]. R4t 80% LA 5 &
F P53 AF O (118 A% A0 S 0 4R T3 9 X IR[5] [6], T LA 8 A2 B AR AT 25k (R 1 4% 1 6 A R I A2 3 7~ e
(R PIALIE,  AE R b 07 38 5 7 20 AN T /D R Btk T A

o BG4, FEEE ChIP-seq. Hi-C IXLLsziFB[7][8]. ol 2, BA1HRERELMA G
JE B, — ELRE A0 R A B ) S M, A S IR T JE SR AT R A SRR B T, Bl scATAC-
seq, AT ANGE T A HE[4]. HEEIEH, NAFEX 7 —E K B0RE R F 5. PRk,
YRR, EBaB—unumisiay, 6B AR 2 AR BAREth iR Bigam T, 250N
R R P S R

RIS iE, B R R, RS PE . k-mer SRFIXLLARAE, MELS SVM 43 25[9]. IRE
FOINGESE, FIFH CNN. RNN A 5 Ol RE P41 B2 E, A AT L E8k[10] [11]. 3T,
F Transformer [ITRIIZEIETY, ol DNABERT2, C4FEFMERUE EACVEREMER T —ANErm BE[12]. At
VLR, AiFEP AR, BIAERIESAT R, — AR T SRS 28, LE
JEHIRAHRABX AR A REAE—D, BAMA SO, a6 %,

REEL TN A 28 B S M P 3 TS, T TN DT AR 2 P 4 2 B B Gk SR A, DeepCAPE K
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T RGEIE RN LE P45, 7 {5 DA G 5 AT R K 2 20 T A BRI [13], ANid 5 5 3R i B — 28,
ZJE S TS 1 R 2 BN R A SR, LEindE T RS LS Transformer f7774[14] [15]. Aid,
FEREA R LLRUD TS OL T, DA R Bt A i AT e W 75 (R R S2 IR A AE AN AL, B Z I SE HIR
JEATs, FEAURT R ME A fF 52T, 0 Ah B AT IR AL T SRR AT e TR AR XE DA

PN AR A BRI N @ A, B A g itk o s 9 5 R 5 O e 45 )t A A R
EBEANUG T R XIEE S, AR R S IR IERUE, RPN ORI E
RUE[16] [17]0 FIRZARTEAE MR B R I 4 532 22 21 T BL, AEEWE 2 22 U ) B 1R300 HE it
[18], LABARIIEEIEREN K AT W R G 5 IR AR SR 1717

BRSO AR TT, AR O RSRDRI) IR R 203 i, B A SRS AT e 7T, B R IRAE
AEIAET T IR IE 5 A R TEER, IR B R S PR il B AR RN EEE, ASCHE ) AttLight-
Enhancer HEZEf# R Bif )R 3X —HEZER A AIRZR T 1%, (EBR AR B Rl 5 RUR 5 R BAE AT 75 R 4k

VU, AERREA R P RN, 7T R BT R . FTARRRPESR . BRI =505
2. MBSRE
2.1. $iiE%

M ENCODE 5 Roadmap %I fFilfe e =Fh N2k AL AL R (GM12878. K562, HepG2)i%idii, £
$&: DNA 7%, H3K27ac ChiP-seq. ATAC-seq 5 DNase-seq. IFFEA%ES VISTA Enhancer Browser [19]
S5 BAE B X 39T 5 ENCODE cCREs BUAZ 4R, fFFE AL B 2R i X B8 = iE M3 s 7 hricd . B0
AL 10,000 /N IEFAFEAREEEURESE, XK EE S — v 2000 bp.

BRI PRI 7 5 R, R R R TR A RAE I B PR AR, AE A 75 B2 50% 25% . 10%.
5% 1% 1A, M EIOI ML EE 5 IR

SNIAIE ELSE M R B _E Iz AR )y, BEXAZE PBMC 10x Genomics H# (FE4 ) MIN R IRIA R &
SCATAC-seq 4 (5 70Fh) [20]. KA “OhttE” 7B 5ms, KRl — 240 BRSS BY 525 o B A 4 e Pl e B
o, PLC R M TR 5 3 0 7 St

2.2. AttLight-Enhancer #EZ2H#EiA

ASCHEH B BAERE R AR AR T 58, 56— DRSO YIRS, SRR EREEE, Tl
TR 2R ARG ORI 2k 58 0 N 2 BRI, BUE BUMR R 24, JH R EA L
W2 2R, DRALRR G 2R R 5 H IR B BRI s . IR AE A B 2, AU A S 2t
508w R B R AR A L R).

2.3. #HHERY(Teacher Model)Z244
PO & DLAE X3 1 A0 B 2 RS IR L 27 ST WA 5%

2.3.1. BIRTWMNYRHS
K2 2000 bp EERIALIX [BI/E A BRAS T REA, A PRI 2 [RD 4 =AM A Tk &

o TR (Xseq): SEIT DNA FEHIAZ > 2000 x 4 ] one-hot JEFE(A. T+ C. G % 5—%)).

e H3K27ac {5 5 (Xnis)Fl ATAC-seq 15 5 Xac): NIRRT HBCR SRHE D P, A SCHFA
2000 bp 1 X (475 200 AN FELL/NBE, HEBCK N 10 bp, FHEFTREAS/NEE, 40 5 HAE H3K27ac
ChIP-seq B ATAC-seq A4l H VA — LI B0% B, AT J6 L RPKM A PO £k, e nT 19 20 AS
ST 200 x 1 [ & .
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Figure 1. Two-stage knowledge distillation framework of the AttLight-Enhancer model
[& 1. AttLight-Enhancer #8895 = £1iR 2% (E 22

232. KNARTMERE

PR S IIR S AR B, ORI . RSO T — 2 138 SR 1 5] 5 00 BIR R A
e, RN T IR SRR S B, R AL R LS

1) SRR =B I RN (Xseq, Xnist, Xace) 73 I 8- [ 0T [ 2 =) B LR M AR e 2 A 3
WA B[R — A G —RFEZE R, 13 BIWIUE 7 FIRFE Foeqn ZLER U6 BLHRFAE Frist LA BT B2 1 X6F 92 PR
E Faceo FTATHRREMI4ERE SN L x D (X BL L AREF 58K bins (K, D NIEGYESE).

2) ARG BRATRHRZE 2 A8 = AIWLHER S A [ IR RS B AR HL, FRATH
SAMEEIFFEALN 4L “ AR (tokens). Xt T EFREZS i, FATCAHBRAFE Fi/E A (Query, Q)
MG T =S B AR E PR R & — AN 42 7 1 sgiddz, I s kic 2R A= 8 (Key, Kan) FHE
(Value, Var)o 2RI B | 54 R 5T X2 A8 ER T

Attention(Q;, K, ,V,, ) = softmax (Q'—K;"J Vo, 1)
k
Horp, \/a%%ﬁﬁﬂl¥, di 2B 7] B Kan FO4ERE, AIRSSE I ZR. SR ATHEIE, B | P
BAAIEhE R, RN BES I AREESRE A S a AR KRG R, A SO MRS HEOHT T X
—HRAE, BRARB=A RIS PRERR: Fl o Rl Faeo
3) LR AR A EMER IEIILEE 8 M7k, 2RISR, B
A A N AN BSE 72 ) R UG B, X — A 0 T R I D REIN 1K) 2 AR B R — 2 Hedn ] ()
IR AN R e e R s e e iU B A Qa2 et i vl R MRS . SRITIX R 2 kM, AT
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233 MATHIESSHR

ASCHRTIR L BRAF BN =A SE IR BERR A IORHE Ry, o R Faco WRSELEEE SERPHE, 53] —AN85
HRHETKE . ZEH Xk EMA T T M, %MW E 2 4> Transformer ifid#s)z . Hgmbs 232 1) 6
SERIA G 2 Sk BIER NS AT g, BERZEERE S EE—WEE. ZE TSI KBRS
A AT 55 (120 R CUAE A X B I 58 ) » AN TE BUR BE R & I 2S5 B e — D3R HUZ g .
R4 JRRFAE, B 2 R .

234, WY E
TR LA I RAE PP S e AR P BT IR, BOEN AR e ML, )R Sigmoid
T PR HH 2N DX TRD 3 55 7 B BE 2 Preacher

24, FERBSAAEE

2.4.1. REBUFEMEZIRIT

FOTRA %0 2 S EUR R S G 77k, #p S A B SE R OR B, U AR ZEAG T J A THIRS 149, I
Ko RA s . FAARBT A Y. FRHIELERE I 256 U4 128, MRIRFEM 2 ZN 12, —FH
A, R IIELEON 8 MR E] 4 4

X SRR SE AN IR BT AR, SRR L N TR 23%. JEARTTREISLIRIGIE, AR
(25 8 e LR EUTARLE R AR, 847 ReR g LR eIt

24.2. MIRFIBRES AR
SRR B R R E ) MG EIhRAE, R0 BT = S5 B0 “Hhnis” M5
Aii e
SR R HUE SO
Low =@ Leg + 8- L 2

Hr
Lee /&2 AR TIN5 5 FOSCREARSE y 2 8] 1 — 7058 SO 1 2k
L A2 AR SR 5 BOMB AL AR A 2 (A1) KL BB B . BARTHE MR S48 T Lo

7 j:
Zt
softmax (?ﬂ 3)

Horp 2o f 2o 53 il B0 AN 22 A AL e 2 Sigmoid B0 TR logits.
KESHIBOE R

o RMESH T ASCRHAMBERARIESE EIK T TH 1, 2,0 4, 8 XRNACR. WAL, T=4 XM
HVHUAE 261 AT AR R 05 B4 B2 oA (R S80S 2R 0] S TE At 2800 1 T R 26 A7 i 4 1), IX 2
34 AT ST b S AN (5] R0 [R] AR AR ABA ORI, AEAS IR 25 i A3 B A iE R ORIt . i RiR 2
HHUEMIK(T=1), XNNOMEGEARSEET, FMIEBRCRANE: W F R E S HOE fw = (T =8), Xt
MINEZR S A 2o TP, 2P A RUE R

o HURKE o 5 f: ASCERIE 5 KR TZIB KRG, X a 5 B 0 E ARSI HE, Al ORREEAN |
SR 12 AT I ZRE ST B AT, A0 g 8N 0.9, o R 0.1, A 1R SE5E MBI A

Lm=T2¢Q{wﬁmw($J
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HORIUE RSP UE. NG N TR B, A SCHR R0 RIB B HET o OB, (R
WHERH & B hR
ﬂwmmJ

1—005[ N
Aepoch =0.1+0.9x% > total “

ﬁepoch =1_aepoch

Horh Nootat NS NGRECET . ICHRBRAE VI ZRAT AN E T 2814125 LS 594, 5 SN B LS bR 254 2% A
HEAT I -
25. &R SBEBSHML

SO BOMBL AR R R HAR T RIS, BERIAFNSCRES, B ais, RS
s S (R A & 5 w5 i = 2 1 B oy 7:3), FF R S AR A I 25 AR « A0k ) AdamW A4 25,
o5 2R A AR Y 1 O R O A 1 IR JU 4K (Dropout 4 0.3, MBI 0.2), AT A %O SERIHUE, #ED I
MR A T VAR IR S, A E S EUE A8 T4 1.

Table 1. Key hyperparameter configuration of AttLight-Enhancer
%2 1. AttLight-Enhancer X2 8S AL E

S ik BT LAY
B o) 2 AdamW LAk 2 418R % 21 5 3e—4 5e—4
LR - 64 128
Dropout % AR R & 77 )5 9 Dropout 0.2 0.3
V=W S LN E 15 Transformer J2 A (11353 8 4
RRAEYEE FRE el = e 2 256 128
R T AL 253 A1 )il - 4
WIHBRALE a H IR R E - 0.1
WIRBRALE B ARV R A AL - 0.9

2.6. MEEVRMG SRR 4

PG FE AR AR AR . RS, AR, F1 /04 AUROC Al AUPRC.

% HE 2L : iEnhancer-CNN [10]. DeepCAPE [13]. Enhancer-MDLF [21], PA M A2 7% 48 () Student-From-
Scratch,

RIRREIE T E s A O R PR . RS 5 3 SR AR B OB ME AT 1 E RIS AR e
TEM e BRI A RITIT .

3. &R
3.1 HhERESREREYIESE AR

K AU N H T GM12878. K562, HepG2 = Js4ijiil Rk, 733If~F1 AUROC. AUPRC #H
235179 0.986 F110.972 (£ 2), *fHE[F 4% iEnhancer-CNN ff] 0.924. DeepCAPE 1] 0.951, M§IiiEHR7>
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BT 6.2%5 3.5%, A& SER MU GRS RS RS, SRR SR A Ry S 1 5 A TN L
Rz T 7 752 100 BEUIREE A B Hm MK, PEREHBL R %, P15 AUROC 04 0.901, Xif Wil sk
ZERFTENE, JFREFIR ARG N R4 Sl Z A

Table 2. Performance comparison under different data conditions across each model (AUROC/AUPRC)
< 2. BRBEFRHEEM T HIMEEEXTEL(AUROC/AUPRC)

i ERE T B 100678 o6 T Y

1
e} GM12878 K562 HepG2 o i
iEnhancer-CNN 0.928/0.901  0.922/0.889  0.923/0.895 0.924/0.895 0.782/0.741
DeepCAPE 0.955/0.932  0.949/0.925  0.949/0.928 0.951/0.928 0.831/0.802
Attlight-Enhancer o o00/0 975 0.985/0.971  0.986/0.971 0.986/0.972 0.901/0.874

(#m)

3.2. FEEBFRIMRHEAEEIE Laotae

SRR B M P (B R, BT AR TSRS B R, ASCH R G R B R S, E
RFEARR AT, TP 7RI UIZRIT Beas SRR A0 24 7 52 B2 O 10% O BHULAs 1, 58 BRI
ZRolfsiif, AttLight-Enhancer 22 AR HIZ8 I 25, 5 S22 75 2 AN 10%E] 19 HIAS [FIIIAAE | S8 P
fitio

321 FEBEE TR SHRTH

K 2(a)IGE 45 SR BoR, HOETE 35 5\ 10% P52 1% R, BT 2 500t A5 R 1k GE 1) I e
A—H N1, AttLight-Enhancer 274 B8 (FrvE Dy AttLight-S) P BE T VI8 B fe /D, 7278 5 AR E 1% 4%
SR S rh, AR AT ) AUROC 1K IH 7T LAZERFZE 0.865 17K T,

(a) FEEHE THREIEEE b) ERSIBHINESH (o) WEEFER

0.00
o
8
]
2080 /.’/

=@ iEnhancer—CNN
~@— DeepCAPE

~@- Enhancer-MDLF
~@- Attlight-s (K30

-0.02

—0. 04
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-0. 08 4
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BRERE ()

Figure 2. Comprehensive analysis of AttLight-Enhancer model performance and interpretability
2. AttLight-Enhancer 1REf 1% 88 S P RRRR MRS DT

3.2.2. FRIBRAEBHIE T

N T FRIE RN ARG B R T 2 R, FRATBT TR SEER (R 3). SRR, MR IR
() 2 2E #5784 (Student-From-Scratch) ) AUROC W 45 0.842, I i ik T %151 J& 1) AttLight-S (AUROC 4 0.918).
XHUEI T 28 R IR THR K. B BUMEAY W0, AUROC 4 0.878, HARLE MK IIZRELF, (H
SN INZE RS . XYL ORI IE R (W7 R A O A KRB LI e e AT R B
PR 2 L
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Table 3. Model performance (AUROC) and comparison on simulated 10% coverage test set
3. BEE 10%H IR & £ Z R B 2 (AUROC) 5%t tL

k] HES A AUROC  F1{H SRR BUR )
iEnhancer-CNN M35 0.782 0.741
DeepCAPE MK NS5 0.831 0.802 93.50%
Enhancer-MDLF ML 2R 0.853 0.819
ZTAE Y () FEARFE A T 25040 b 0 0.878 0.843 100%
Student-From-Scratch A Sk I 2 0.842 0.808 23%
AttLight-Enhancer (2£4F) KI5 28 TR S 0.918 0.881 23%

ARSI FH VARS8, BT A0 FIR O S AR R e o AR Z8UAT AR U7 28 BECRE A SR 3T 23 B i 14
i, AFAEASEE KRS ESIE. AR S RoR, A TS a] R 6 1
P20 H s o 28080 FRIE P AR AR AL AR HERICR . B R FE N 10% 0 IAR P, AttLight-S TR vk 1 72
(ECE)N 0.032, HU{EMRK T M kiR 2445 74(0.078), AR T 58 A0 1) 250 A5 782 (0.051) o ok i HH 11
MR G RIS i, ARIEIE TS R A R I AR S BT T oK

ARG A KL N N G2t AR ) 1.8 %, JR IR i fe b 35 E RS AT #Um B, N
IR AR RS, Al AR SR A T RETS B LA R AIR T, SROAZUTS AL 5 AL, 2181
SFERT B D, B 445 B B RTEHEFE R | AR BB R (GE 4), FR AR 8@ v AN I R RS
SCEUBRRDRE P L R v B RN A L 22 O TR T () S B SR G

Table 4. Comprehensive comparison of model complexity and efficiency

* 4 BRERESYREAIE

b Zﬂfﬁzﬁi; R T2 m%*éz!z%giﬁff oA (Xl\“—:r;l g)ﬂ% i’fﬁ&ﬁ;ﬁ%ﬁﬂéﬁim
AttLight-Enhancer (%)) 52.1 100% 15.2 1024 0.878 (i J5)
DeepCAPE 48.7 93.5% 12.8 890 0.831
AttLight-Enhancer (3:4:) 9.6 18.5% 3.8 ~300 0.918
Student-From-Scratch (%} i) 9.6 18.5% 3.9 ~300 0.842

33 FHEEBAFRSMEAERIRES LaOZHEE

N TR SEHIYE, FRATEEAE AttLight-S HITERANISZ ) SR FEA B IGUE R B, AT
T, DABEORVR AL & 78 5 K S A Es M R i DL T A2 AL e

fENZE PBMC “Ohdtt i ” Hodls b, IRATLAL T IEAZ SER U0 IR A 4RI SR AL R S R 0 0 T AR S 1 N b
o SEFI, AttLight-S T (398, 7E CDA+ T 4. B 4H RSS20 i G2 20 it 1) S5 14 56 R A )
T2 G LATR S, p < 1e—10). X 1d IS A ) Tl A A1 4 1) AR 40 2 SR IR APk

RN R ER B BERII VR, AT 1 s EIE, REERR M SREEE h 2 B R E
T - DIRE” WSROI . S5 RAI, (EMEEhAE L TR R, BTG 2 1T 5% B R X,
5 SCHRID RE SRR 1 i T B 2 M LA ] T 68%, B TRENLIIE(p < 1le-15). 1fj HiX4LEHE & X
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B, NRS ATt R E % < 1le-8). 5L DeepCAPE (41%, p < 1e-5)F En-
hancer-MDLF (52%, p < 1e-10)#H Lk, AttLight-S RIS 47,

FATE I I N SR M T (AR e M. S5 R EUR, AttLight-S RIPERE I 3 LU HEAR RL /)N
UL, I KA 2 i R ISR 2SRl E, B 223 7 OREOR M B BT ) AR e R IR R

3.4. HERENHRSH

T ABIREIR, FERNRZAR S MBS AR, SHEICHBUNEALT 23%, XN S HOE
9.6 M 52.1 M, HAEAHEEFERS L2 N BUTBETLE 14, PIAF b5 FECBUM T PR L) 70%.

FOHAR R B T7 A EE, MEKTTFER I 25 1 2% £ A5 1 (Student-From-Scratch) #E 3 4R F AttLight-S AH 7%
AR, BRI REAFAE BRI ZEE, L AUROC #fH % 0.842, AttLight-S [ NAU{E >y 0.918. [FIFE 58k
BEUMBOTRRY, Rt 200 IR G 0.851, RIUBAKT AttLight-S.  “Jeill 2R 28187 1 SR M.
PR A

BAE K 3 MR SRR /e B, FUE4ERE D %8 128 Transformer 24 L B 1 i, #5784 4b
TRAMBERES, BRI T 4 %, MRt RISHITERARYEE, A0S UM AR b, TERe
L 1%, RAEAEEEER] D =64, BUMERESHIURE N, EREHFTEE AN D=256iE, X
o3 I BE RS o T MR R IG AR 1 i) . DL RS T DUIESE, A SCRE B R BTE R T “ /i
K7 HITHA H br o

0.95

O FUPRE ()
& D256, L=2
Y D=128, L=1 (AX&/M)
& D=64, L=1 ~
8 D=32, L=1 7
L -
R i
4”
-
e BAt: EEEX4 | AUROC=0.918
\ =7
\ Prae
\ Prag
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Figure 3. Trade-off curve of model performance (AUROC) and efficacy
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