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Abstract

To solve the problems of rising physical storage cost and memory of database limitation in the
archiving and storing scenario of data, a lossless data compression method based on multi-head
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attention and bidirectional gated recurrent unit is proposed in this paper. Transformer and bidi-
rectional gated cycle unit are used as probability predictors to output conditional probability dis-
tribution of data flow and an adaptive arithmetic encoder is combined to compress the data. The
experimental results show that compared with the two traditional lossless compression methods,
arithmetic coding and LZW based on the dictionary model, the compression ratio of the proposed
method is improved by 28.8% and 7.8% respectively. Compared with Cmix v19 and NNCP, the av-
erage compression rate is reduced by 0.4% and 0.2%, respectively, but the average compression
time is about 5.1% and 39.4%, respectively.
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1. 5|15

FHAE B D P DL, O E B R XS N F P LS AR L, X L S5 H i R 2
TRAEMME . XSS B dE T, Hr 7 A B e A B e B s, sh AR AR D e v il o, H AT
WS 45 Y Y AR R P, O P R G R R 2R KR U AR g sE e, A S S S B A
BAEEME . Fik, XD LR AT AR 5 R, & & A & s G [2] [3]. BEEHH
B R, B R EL ETHES, KA T8l A i i R A SRS G, 2 R TR g R AT b ]

B = 4 B0t OB P SR A AT VAR R 4, 2 PR AR B TS A 0T e AR R R
BEp R EE, R RMME, TERMALHE4EN 7. BHAT, FIRMACHES T LZ
RYNVEIL[A] [5], (HH RS R 2 2 T QUL CBEAT, A B AR AR BRI 55 2080, 5 ) a2 7 s s
W, 4 FR K.

HAT, BRES ) ONE A Hom B3 . X HHR IR A2, o THRA . B BB
AE PR H AR TE F AL FRAE U AT A . Hod, RN, SN T RIMEIE4E[6]. UL R 4E[7]
Transformer B 5N T 73 4miS[8]. JE4EBAR[9]. FE4E NS IL R B2 [10]. 78 HL 4527 3 5 24 O RILif)
T B2 FH I AL B8 B RS 7 I 22 P 28 AR ehr - Transformer [11] [12]41F 3 o —Fofr v 2% 4 o AR st A 784
B 1 4mts % /2 (Encoder Layer)K ] £ kit & /1 (Multi-Head Attention) F1 i 15 /% 4% (Feed Forward Network),
REFG BN B A LA B RN AR R B R S &, AR A A EE BT UER. TTHEEIR A E R
#%(Gated Recurrent Neural Network, GRNN) [13] [14] 58 &3 KHICIZIGE F, AT 38 4033 2 A 18] 2 51 s
[ 25 R BRI G 2R o AR SCR A Transformer T T3 (8 P11 26 X 24 AH 45 65 (1) IR 26 A5 R4 Sl I 1) 5080 1)
FAFMERTUN AR, SAFEARNLG, RAFHEMNEAUE. FIDE, BN ERERTMEE, HHEYS
R PR AT AE O, B P45 35 AT P AR B IE N E AR GG g, SOET AR X (8] T4 7 ¥ O
Mgt e [FIAE, MRADES, R P 2 tH I REZE AN B IE N AR S 38 N, SRR S . A
AR LZW gifid[4]. ARG AS[15] P A& Gt k46 771, LAS NNCP [16]. Cmix [17]Pifftt IR 2~
SRR TR AT A o SERR 25 AR B, A SCHR A R D7 V28 i 4 28 R s 4 i [R)_E BRS04, 38
TR LS BR AR AR A JCBR R 46 ) . AN SR 32 B DTERAERE A T
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1) B3 Transformer AU AN [ 420G FRIC IOMER FRINBLAL, (G252 2 B i H v i P T &5 5L o
2) R RIEHEEG RS B IE N E RIS A, PET T BRI R 4 R I R E N
3) FEH —FIIGRIE R, TEEANTR LGRS BB OUT , IR I GRis s, 528 2s R 4gid A .
2. BEFEGMLERT
2.1. Transformer-GRU #2271 2%
K B gt 2% 2 5 XU E) 135 52K 24 75 (Bidirectional Gated Recurrent Unit, BGRU)AE A Tl 25 () X 4%

T, ERIEESE . RS T RS LN SCEE, RIS B AR LT R AR AR 55 55 1] ) 4 B
ST EryrRiel S AL P

SR T 1 B
t
(SRS
t
HIRA R

Gl C, . Gy

Figure 1. Network structure of the Transformer-GRU
probability predictor

[& 1. Transformer-BGRU 127 28 P 4& 4244)

MR TINBF AR AR N AT R . B8, FRPRRAEIRANZ, 22 B RIR AL A7
BIRN, PR PR P ARG AR TR AL E, BEATIE RN s T I S A R A SO R B A R
[, A RN M2, BURHME4EER —F. [FN, FrimRys 8 S0 BT AR AL EHRAN, AN E
R, SRR ATIER, MO RN TR RO R S AE B AR IRFE A &
W BEE AP, X RS BN UER, FINRHE4EEAA . B, RAE R A
WA TR, 2B R o E AN 2N, BN T B 5 G THA, 4 il X -
TOCHIFFIE RN, 2M)o BEANET R, SPRFAL R AT SURAT, AT SR MIBRRAE, AL EE BN K,
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FEN(L, N/K, 2M)4E ) o AT 21(L, N 2M/K)4E &, 8Id —MNRIEEM—DNEER, M4 E
NFRN, RFN - 3 i — DR IR, 55Kk B S A [R)RRAGE 4 52 1) 900 265 SRAH Jn i i
LogSoftmax ik . AL DL D e 4 T 45 5, FI T F — 0 A& R AR g 15
2.2. 4wMBZE(Encoder Layer)
YD )2 HH 2 Sk R AT N R il i S E R, A ()R-
Encoder (x) = FFN ( Attention(x)+ x)+ Attention(x) + X (1)

HI R4 52 Transformer 544 () — D EZF 414, WAK(R)FIR.
FFN (x)=ReLU (xW")W, @)
Forr, WERE MHA FR % I B w2 (8], W2 K 3 SR R KD o 2 1 e 5 1 S 1 2 [
R TR B Attention(x) F LS = AMEREWS . WE L WY, BT AERESRIE, RSN x B LR R i
WH=A7rE: &H Query. H# Key. i Value. ZJm, ifl Q ANt K ARSRLLTH SRV &, RIVER
TFERE, FRREREREAME V AR, SRR LT S AEROR . ERAREIAXG)IR.

@)

Q KT
Attenﬂon(x):SOftMax[M]xwv

Jne

b, hy SRRSGERAERE, AF AR T
H5RUHE—UGER AR, 2 kWU BLUFAT 7 AT 2 MMALEE R BRIk R 4
BRI 2 A WO AR HELE T . 22 S ) BRI A N(4) FI (B) T
MuitiHead (Q, K,V ) =[head,,head, -, head, |W 4

head, = Attention(xWiQ, XW xw, ) (5)
Hpwe, W WY FIW ST BA% > 1S O .
2.3. W\ HETEIF R T

XA 16 M B 6 (BGRU) [13]43 751 BANGF Al AR R AL B N P 51, HE BRI [R5 T T4 6 38 F ot
(GRU) [14] /15 Pt e i & it 2 . 5 GRU AHLEL, AR RGO %t A, #0600 S 5 N P2 51 b 2w i
Z Fe A ASR I B R UE R . GRU B SEH T TR E B T4, g5/t 2 s

(h )

hes

Figure 2. Gated recurrent unit
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Horb, BETIT 2 R AR BB IR By SE R EIRAS h, HLE ] r s R AR AT R
JERE h s HE ] ok AT FAPRHIE S AN RS ) BRUZ ARZS 73 2T ek A2 e Jm A,

MARG) 7R

rt =O-(Wrxt +Urht—1+br)

Ftlsth, EHT z R ART)FIR.
7, =o(W,x +U,h

E T M RTREORAS b, A @) AR,

z z—1+bz)

h =tanh(W,x +U, (r Oh_)+b,)

SR T D 2 Wi R B IR 25 0 24 BT B GECIR 2 BAAT ey 5K

AN
LS

h=z0h,+(1-2)0h
Horb o Jy sigmoid pRE, CReda I ARHRE] 0~1 2 (8], x, AT t N ZIREN, b Ot IR -1

BRSO NFEGEE, W AU Jyn] 2 I R E R

2.4. BARYHS

N, mARO)FR.

(6)

U]

®)

)

FARGR I [18] /2 GG K —Ff, S SRR AN NI O — MR BB AT i b - 255
BRI A MR ER, R IL SRR D AT UL AL A B UE X (A, X A0, 1], 13 3 N5

RIS HEZE K o
1 e BT
R 0.4 [0,0.4]
G 0.5 [0.4,0.9]
B 0.1 [0.9,1]

Figure 3. Arithmetic coding probability table

3. BAREHHERR

BN DT, AGHBEARR T A U, B IGS N T RE TR U IX T8] D A DX Ta] AT 5T &)
7y, VRIS X RGN, RS T4 B 20 B 2 A8 BUE X TR R R . Wls] 4 fros. EE Rk

1B, ERIATrAise e, AERUEX E N R iR A R B gt ai R .

0 0.4 09 1.0
“G”
0.4 0.6 0.85 0.9
iy A AR X i)
R 0.4 [0.4,0.6]
G 0.5 [0. 6,0.85]
B 0.1 [0. 85, 0. 9]

Figure 4. The change after reading characters in the probability table
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SOFAERIIGACI 7 — MR, S BOL AR b A7 BB AR . (R, G b2 A5 20 1 B
AL, G TR R, M BRIE LM E] — o EBdEm A, RRESWRE KK &,
P E SN R AR o FRGRAY AR BN BUIIAR B IS IR T BUE S 7, Oy LR BR 04T 5 T
BRI, H I — P R R IR e, 4Rt BRI N  F D JMR T KR 7 £ P AI FR 4
RO DA ERAE AR IR 7 2 A LAE P AE SR A R A b, B ROR B =

25 BIENMEARRFD

3 N SRR G T [ 19 S ARG B 1 5, FEAR I A AT BN AT TR 0 A X A 5, B R iR 3
AN FRFEE g BB . M T B MR R D, HAA R I RGN, 1R R A 1
AR LR REHUS S R R AR R AN EHR AT SUTH T AT I R R, AR 4 T RS T
Ho N I PEBER At T

3. WBINET %

XTHANFHICN ={C,,C,,-+-,Cy} » ASCIRH BB T X AT N DN FAFRIEE, M0 58 N+ 14
T C, %A P(C,|C,.C Ly, Cyy ) HOTHM

FEHUR IR GE SO, BRI FRRONKIEEN L FFES, BT RAKEL K, ReEE AR,
I, EEWG YR T A N GREER YRR, B S0 BOEME . FRARMIET N + 1R E
N AT, BE TI T A HTE F AASERR I A, S AR 2 B N+ 2 [ 5E NIRAT,
PLULSEHE, BRI EZERNRE 1T, 2HERNGERNES 2B M TR

WIZRRT, ¥ M FTHEL, 209K/ 2048 1) Batch. SEFRiIZRH N HL 64, epoch % E K 2, K Adam
ALEs, BRI A, X Adam {8 S0 2 2] F, BRI TR A o TAEAN TR TR SO O R B
B IR — A T a5 R . {8 A NLLLoss 1 945 2k bR Bt S8 — AN Tl 4 1) 570 BOAAR DAL T
MEER . NLLoss w1 2 (10)Fi 7w

NLL(Iog (softmax(input)),target) = —i OneHot (target), * log softmax (input), ) (10)
i=0

Horb input R0t n RITRI . GRSE G, PIGETIREWARTE, T SePr IR 45 5 .
4. ERSERERE
4.1. EGFB*®

FESERRIEAEERE T, BTN D FRFATE TR B R AL N, B T80 N A7, 5%
PEREAR 730 (0 B & N ARG S 28 i . 25, KRS AT BORT B 7T H RN CIN BN 2R ) 9 4%
PR, REA BG40 0TI 2 P BER A AR B N HEN & B SR G b 25 HEAT A, [N B I 5
ARG s BMRR, o BEXE. EE0 EREERRE DT, Wil RAmna R, K
Ao EHNBIEGE A, SERRESE. W 5 Fras ARSI AR R4 R -

SLEAEAIIA A 7 A — R AR, U R b 7 1 N B R AN 224k, R AR G B 2 i 7 200
PIEEANFANGL, Gt R R, M A TEE MR — o e i iR m A, PO HZRE
RETHEE, EEEANER . SR BRI BRI AF 5 T BT 7, v IR
BURMAT IR PR 7, (HE 54T Rl th DU R sy, 4R HH D B I 4 9 L 7 8¢
KA 7 R PR AR ROCR o LA R PEAE AR P 22 SI Mk LAIE FIAE SR G (R Al vy, LIS ORI AR BE -
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Figure 5. The compression process of proposed method

B 5. AMFHEEGESE

4.2. BREFZE

BB FE N BRI e, (SRS A B EN EARRmIDE, FHmID N EME X
6], FEEFER, EHMERE, EHUoBUEXE, EEERH N AFER. 2 a6 R 5 20T 24
ARG, RIS R TR/ E, EHRR, EHklaoiE X, HRMEITE 75/ .
4.3. INEmES %

ANFEE SO, N AR RO R SE S o AN o BT 0k, ACSCHR U R T A B IR A S o i —
ARG RN R o ESEBREAI, i T P2 B AR R AR B 18], bR o™ 5
Wi K e L A A R . DR, AT E AN RS I AT 00 T, SRR R Rl R I, ON 1 4wk
LILESIPS

BRI IR R e, e 1) A 1 SR A S bl A A0 24 A A i b B iR A, IR R AR Y
IR R AT ROR L . AR BRI ROE RE s, & MBEEE A O B BB R M AL, £1X
MIEILT, HEAT B AR AR i 2 (i A R AR 72 . Rk, ACSCHR HH— e e BRI 0 N AT S A AR R
s, SRR R . BB O TR N K INGA7, A7 AT 20 ¢ (08T k ANITa2b
(7 loss {8, ELICH AT TN ES B loss B, 35 K T-HT K AN [R5 ) loss (B 3ME ,  TIRA Ay 5 22 4 ik £ 43
ATANHERS, T EHEAT SRR R s WINAREAT S fedk . a, REAF R0 loss (EAIFR, H5
T R LA loss (S AN . BARTEA AT

Bk 1 BT REGETSIEIISMESRE

BioN: HAATERIZE loss 1 1, G XK k
i TR R R ETIE

a) if X AR

b) ¥ LFIANGMX

c) else

d) HHEZEX loss EHIMHE I

e) ifl>

f) c=True; /FERITRIMER
g) else

h) ¢ =False; //TC7E#AT R A& HE
i) 1 B ARGk X B SE HE N loss {8

5. W55
5.1. ¥R
PSR 5 3 LIRS MU A, K A Ak, B MIFROSAE, feat. 55— hisr
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HlE i s BBOR, JUPAEE . 3G RS Ol A SR DR SRR 0 T 208 12 A AN R] 00 ot A A [F 2
PEut, Hlan, ERiEERPAE 2L BN, T AFERRERA, BRI BA AR,
1113 573 — LR I 2= 5 0K, Bl n R H IR A HLfE

Xt P SR A, R e ARVE ST AOME . X TRCE AR MR, ASCER M H
PN BB 7 b o 2 e B LRI 20 5 e 4, e 1 o

Table 1. Training set sample description

%= 1 IZRERERIRAA

FEARHL YIZREER /KB B I
1,098,772 512,000 103
1,098,700 512,000 103

TR S it B AOCRYE R R B AE A G, DRI B 7 Bl T (B (B R R IR, £
RGP R REAR R PR HIIAR, HAUE & MBS BAT Rk % 8RR A5
FESKBR N 7557 o S A Sk R B R A s 5, ILAE M R IR dRny, R REZ IR B EA, K
UEASCHR 7 A S BN 3 57 R A Rk

5.2. TN ¥R

N T VRS SR IR FE S IR, TE S ARG EA I B 4, ASSC A F 45 % (Compression rate) {41
b, HBRE R AR SCOR I — 85 765 R TR I R Fk LG 4y, A R4 R 5%
#fi I} [F] (Compression time) fE N PPl bRitE, BT H Aoy 752k FH 2 AL, IRMAY 5 R 45 SRR R /DN
FE T8 PN S0 3 77 92 LU e B4, 8 ) s 45 2R S5 N 1)V At be, [RDARRAN 3 R s 4 ST R R
T 45 2 R0 R 4 i (] 7T 5 R (1L) FI(12) BT :

Compression rate =1—§—° (11)
Compression time =t, —t, (12)
Hordr, xo X 3 AIERIESCIE RN G RGO R/N, b t 20 20 HR 46 56 R IN 8] 05 He 4 T 46 FA I

[ Ko
53. SKEMRESSHRE

SIS SRR B A 16 7% Intel Ti5%% i9 12900K CPU. RTX3090-024G M 7 &< L& 64GB N1F; K
fHELE N Ubuntu20.04 £4:. Pytorch11.3 VA 2% SIHESLA CUDALL.7,

WIZRIERIRECN 2 Ik, #ER/ANN 2048, HIUG2A )RR E N 0.001, SEREECN 0, LR, HIEMN
A THE R RS .
5.4. XFELSCIE 4R

T H A RS, A I TV E R L G R 48 5095 . RN B 2 20 R 4 Bk AT Xk b 4
Mo ASCTTEERPE L G FE IR g R R L 45 BN 2 Fiom. 22 2 S5 R, AR iR T HAR
IRiB AN T F AR LZW X FME S IR RS 515, E46R 0 B R4 28.8%F1 7.8%. H A YR
RS H B R E [E E 1), 4R IR R 7 FF 7 R i A BB, X R T Bk v e gk
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i, HARMMEBA R EEHA, FEET IR ORGSR R i 2T 5 A LZW 5
Dot M EIEN Y, AR R IR R AR, TR R B DL B DL, SRR PR T
EHRTFIREAR, Tkt PR EIUEA R . AR AR B A R 1 545 = B UL RS i, Sy
SKIRNRE L IR T o

Table 2. Compression ratio of the proposed algorithm compared with that of two traditional algorithms
2. REBEZENMAMERREEEREILLER

JRIGK M LZW [4] HARwAG[15] KT
kB JE45 K /NMKkB JE 45 %1% JE45 K /IMKkB FEAR %1% JE45 K /NKB FEAR %1%
512,000 56,053 89.05 163,900 67.99 15,995 96.88
512,000 55,957 89.07 163,737 68.02 15,938 96.89

AR SC T VRO R FEE 2 ) SRR R 4 RN R 4 i) [R) PR Bl g IR an <6 3 Fiiom. 4% 3 S5 SRR W), ASCigTr
AT Cmix v19 A NNCP B RIS 22 31 51, P EAE R 70 B PR 0.4%A1 0.2%, (H-F-2 5 46 i 7] 4
LR 5.1%F1 39.4%. Cmix v19 &G T 2/ MNARREE AR R R8s 4545, 762 MR
e REEKI TN, BEEUAR B ar M 48 20 R, (R R 4R RS AR K, 3 DUR I 7E 52 B TAEH . NNCP R T
Transformer-xl #57%Y, transformer-xI EA LT 1 LT CHMEE J7, B4R A L M & o T
transformer ZEMTHE R A, ML T AR, EARERE T 0.20%, (HEAE0 R 2 A SCHE H 5201
2.54 f. AR TIERARZEZ RIEZEM, (REFRERERFM TR0 R A 2 REE BT, =
UFHSPT T R 45 R0 4 1], B S A s i 1

Table 3. Compression ratio and compression time of the proposed algorithm compared with that of two deep learning algo-

rithms
3. REEEMAIMME S E L EGRRNRT LG R
TR RN Cmix v19 [17] NNCP [16] Rk
kB JE 45t ) /s JE 452 1% FE4i ) /s JE4E %1% JEZE T 8)/s JE 452 1%
512,000 734847.74 97.93% 96029.94 97.69 37795.35 97.50
512,000 734242.43 97.96% 96537.69 97.71 38010.77 97.51

5.5. JZRhniESCIEFTEL

JET P H A RS, DR A R AN RN SRS s L2, TSN RIS AR T T 48 R AN i
], Xeaf R 4 fros. & 4 SiREW, FHRBORSCHR R i%, BRI ZRT E] P 0
15.06%, FEIEHRRAT] 0.01%. A SCHEH I ZRNNEE T 25 RENS A ROs A TR I a4, 1R mie R I 25
S

Table 4. Effect of training acceleration strategy on compression ratio and training time
= 4. YIGRINETRRE X £ 45 2 5 1) 4R B8] A 220

WZREER/NKB 2 75 K F i S mg JE4E K /INKB FE4H 2% VIESNENS
512,000 %5 12,751 97.50 30316.80
512,000 7 12,808 97.50 25745.46
512,000 %5 12,728 97.51 30532.77
512,000 7 12,682 97.52 25942.65
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