Ly EREETECSTSIESERT R ISSN 1009-6868
b S S-EEREURSHESEN PERERRLET CN 34-1228/TN

00 7€ 1 ] % 7K

ZTE TECHNOLOGY JOURNAL

http://tech.zte.com.cn 20224 H-%24

Sl: BAESLENIRMEE

Tl l|Zrom PR AR EY

BARIIE >
L
Y| rEuESE (AR5

|

(BED) (BED) (BED)
TSES ERER  IEREH ERER

RF R @ @ @—

WI4REHE . TR
Finetune/PromptTuning

Al Bg55
o — - s

R =SB ITES AT / . [ .
{RREBTELRBR S5

9 ??1009”686229

0 4> ?ﬁ,ﬂ%
B




(PRGN ) B

5 9 BmEEZERE

AR

FEAS (PGEIRBRARARGIEN ) $hUE (L atBRH 2337 )
BRIEIR (R ntHRFE R Hid%)

FRsm A (P atRH RS2 32 )

BREEAE (hEREREB L)
FEF (PLEIB A RAFFSR) ZRE (WL TR HER)

&=

BB
EBRR
BEf
=iz 2
;K
O
#F
B
40 e
I
FrkiE
& A
ZRF
TR
=R
FER
FRE
ZEREhHR
=ik
FHF
HERR
X @
& 1F
fEwE
[(Gpe
EE
EEL
#=HIi% A
Mm%
AHH
FNES
RIRIE

(M2 HEHERF )
RSN €
TR R 2= . AR
rh B st o B |l e 4
P22 TR K7
RSN €

MR Tl K2R3
R TR e A B A FLEER
RERFHTZ
P E B SR B Be
At g R R 2 4%

P BB R 2 R

P BB ST BeRH 2 1T
IRF R R . R
IRANE = 3

e R
hEB R R R

[ IS S NG =6 s

o TR B Bt

AR R TR
PR R A

G TR A BR S m
RO B A BR A R RILEER

Fh G TR A BR 2 ] v R
AL AR K2 4%
B R T
R R O
LLRAING =2 €4
R B Bt

J TR H R 2 7
(RSN =€
PSRRI 2= B AT
N2 E
B AR il N2 € 7N

(LR R N6

JER

fif it 5%
&t
t*FMH
=
Bz @ P

B i

X5k
1y
52
AR
ik F
KT
* I
=B

TP

L TP U R
Hh e T e il e 1
Bl #nY LW 0 €5

JEATHR R R AR . R

S ERTHRHL AR

G TR A B2 A P T L

FRGE TR A B2 v o R

o E TR B R

W ERL R R K

RADNE =2 €53

i T AR R

G TR A B2 /) 1 R RHF R

T A% S FEL R 2 42

rh ] F S SR B R O 1

BN i

G TR A BR S il A

SO E R BERLE T

5 H KA

R 2E

JU TR H R 2 7

HL PR K F %

R SR B 1 R R

AR B R

P TARBE R
MR Tl R (%

5 H R

PEPGE A RERIC. AL

Tk FVE BALTE FRHE 25

o TR R

B A S N2 €

T A S FRL A 2 2

Rl E AR KA

I R

T BB L

SRS P NS



7 1638 2% H2H  202F48

‘x OSBRI A (ZHONGXING TONGXUN JISHU)
[
100

ERBEMETZHSIHFEHT FoEERPTRENERET PERKZLVET TESMERNESET HERT PERARSTHREUBREWREAT 1995 FE1H

RRETE D | BRBSVIETIGEE

01 EAFE BB
03 BRIESHEFEI BT HIIGRENTSA M, X5
10 AR SHF 4B SREY B8, KIEZ, XRE
16 FNRIBIRF IR B ITBE, IF, RE
25 58 -3OR : BAAUEDRSTISHRELER THAC FEE, &2, REfE, KR
33 WS- B KRB O3 FIgrE SR TR N B, 7, £E, BXE, §X
44 BARAUEZRSHIIGEE M6 BIR BRI AR WA F3 WIS, B, WE

51 SRIGBRICSEFGERB RGN R
534, EFX, B, FROL, BHR

EFIPIEP | 59 sRESNERASE g
VISR D | 65 HMTEMEHERENEE 5% F=m
68 SGITWEIMEMELIEA 5508 W, EEETS, ST

EEESEP | 00 FpemEng

2022 56 1—6 FAGRBUTRIALRRIA

1. B MR AR 3. ZREBREMA 5. @S BAM—{kik
PEBEHRRGEIRK B PMBIRRATA ST RILE PERZRAKREHE LE
EREBTRZHE F2FN
2. BAES LB SRR 4. ZRRHRIER 6. ERERE
PETRERRELT BHR BIRHIKZHE /O ERMEMRKRZHE SES

PEBCEARGEIRK B
PHEBENERERNER NS




N\AlN CONTENTS ZTE TECHNOLOGY JOURNAL
Vol. 28 No. 2 Apr. 2022

Special Topic P>

Expert Forum p>

Enterprise View P>

WME RS

Pre—Trained Models for Natural Language Processing
01 Editorial ZHENG Weimin
03 New Paradigm of Natural Language Processing: A Method Based on Pre=Trained Models
CHE Wanxiang, LIU Ting
10 Knowledge—Guided Pre—Trained Language Models -~ HAN Xu, ZHANG Zhengyan, L.IU Zhiyuan
16 Knowledge—Enhanced Pre-Trained Models WANG Haifeng, SUN Yu, WU Hua
25 WuDao—WenLan: What Do Very-Large Multimodal Pre=Training Models Bring?
LU Zhiwu, JIN Qin, SONG Ruihua, WEN Jirong
33 Pengcheng—PanGu: Large—Scale Autoregressive Pre—Trained Chinese Language Model with
Auto—Parallel Computation and Its Application
ZENG Wei, SU Teng, WANG Hui, TIAN Yonghong, GAO Wen
44 Key Technologies and Applications of Extremely Large—Scale Multimodal Pre—Trained Model M6
LIN Junyang, ZHOU Chang, YANG Hongxia
51 Challenges and Measures for Efficient Training of Trillion—Parameter Pre-Trained Models

MA Zixuan, ZHALI Jidong, HAN Wentao, CHEN Wenguang, ZHENG Weimin
59 Development of Natural Language Processing Technology WANG Haining

65 Reflections and Practice on Digital Infrastructure Constructions WANG Xiyu
68 Capacity Improvement and Practice of 5G Industry Virtual Private Network

LU Ping, OUYANG Xinzhi, GAO Wenwen

HATUEARSE: CN 34-1228/TN*1995+b*16+74xzh*P*¥20.00%6500+11% 2022-04

FEEMARNENRAN, BEEXR, BFR. MERMEHFEREN, MUNEHEL82 DRRIRATIER,
REFHFY, FEUHIFNENEBFHAS; WEISIBFHAS, MEBZASLEST,



\\\\\\\\

BRESVEMIIGRREAS R REHR

BAESREMINGEREHSE 55

| EEERIA >>>

ML R

BEXRFHENRZR, FETERRL; KEAESHETENEREN, HTEENREHR; BHT
i RNERRASZEMRBREFTHY B, aRTEMESYT BUEIRSHE, EREREHAGIFHRI
Rz REE B R R M RETT BN, EESMHBIRM Z 5t EHH B R K AR R SR A FR4G ACM Gordon Bell 2 ;
BRERBHSE-FER 1T, ZER 20, BREARAR-ER 1T, AMRMHAESRZEERES
%, BEPEFREASHHE; KRFRRIS0RE, HEFHBREXHEMINEEZ 108,

SRR, PONZRTE F LA T Bl gy A AR F b AT

kT, O N T BER AR K T A BT I A A
Hoo RHUEIONN AT LA RO ARAL SE BT RAE 1A )5 T T
AR Sy o o )il A S o, BEEA 1R B A
A E ST, JLAERTA AR F AL BT 55 EHRREUR T 208
P, A RBENE 5 HORCR R, X R T RS
BNZR R AT . FERA S BB AR g 1o
SRAVRETT, TR X B AR | NZRANNL R AR i T3k
e FARIE AL G B e H a7 NZIEF . R
A P RE U] B B IR A RE g 7 MU PR A TR A ]
PEAT R ISR BRI Rt S AR ST T 52 K A )
R, AL SO AN IR T3 TS A 1R TH 75 A BRI A
TR ST RAR IR, A B RE X e A P b B o

CARIEF B ST T %) —3C
IR T AR A BEOR A R, 5 AR F AR
BRI SRR A HOE S SRS G R . K
B RBARARI R ST, AR T i 5 A
TEIJLF A BRI S AL BT 55 L ROTERERR A B 12T, KM
RPN SR RUATH TG A R B A e 2 . o FE L AT AR |
BRI LKA PRLAE ) 25 7 A SCBE R AL, R kST [
7 A HURALT TR A

CRriRs RPN ZRIE F RO —SCHe Hh AN 2=
B R AR BRI 7 ST TS AR T P e ANG | B PR E 2555
MERL, IR AZE R R R B ARG AR, RO

DOI: 10.12142/ZTETJ.202202001
IFsEHE: 2022-02-20

SIPERBIE S 0] . SCERHIZERITRIR . AR, DLRR
PUERN R SR N, R4 T S S0 15
DI 5 R ) Rt i S kg

CRR S R I 8 — SCHR S I 25 5 32 B DA
SEARARE . JCES AR A ), XA R D SR TR
5, BRI ROR | BRI AR RE ) 2 BRI . SC
FMRFEZEAVARAGIA L RGN . SRS
(SR, AR T PSR W SR R e, LA
TSR T SRR AL 5 B SO0 R, A2 G 8 T3 )1 A A
IR ik W

CHEaE - SO R 22 S TN s A o 1 41
A7) — 3T R E R R R AN T RS Be S T BA
PRSI ARy T I SE SR o B B 6 0o = 1 [
SCAEAE R S9AHOGTE SO R IR AL, HIBAR T BriVL XU%
BRY, I FAC G E 3056 L SCEAE Il F B 55 R A T
ko BINASE T T 2185 2B I 2R s 8 MLMM, A
PUBSE = RS 2 M H N . SCREIRTHE T 28 1l 2
BRI SCAS Gy | PG A B PR S ARG ST 45 SR B B2

CSRR - ity KB 1 1005 vh SR 20 35 A8 K
FH) — SO 28T LIS 388 5 56 3 ki 14 1T BAE 3 = i 11 -1
SRS - B BRLR TAE, AR EAT 2 0001458, AT
TB ZO 1 i SCUNGREE , R B ST B AR N AT 559
JEZE 4096 MR [ 2R D REAR SR AEAC T L
AIRMMERE, FERBARESE . ORI . 2RSS K
R > 55 07 S T ARG AR o

R RIASE Z A5 T A5 750 M6 114 S AR B 7= b i
FHY —3CA28 T By B PG EEL s 8 B A 2 A T )1 A Ry T 1Y

PrG@EIRRA 01
2022 F 48 28 B2 Apr. 2022 Vol. 28 No. 2



BRESLEIIFEREASE

\\\\\\\\

WR, HURET ZHEFORS: AR B AL Y
WF9E. SCERAR I TR MU h SCE RS N 2B 8 M6 12
BB ACEN A+ TIACHBIRERL, 21 T M6 BLRL ™l
(S N WS N SR s

CRa BN R AL S BTN GRS R 1) 22 Gt P RN 5D
— A TIEEREAT AL AT A AR ™ E gk gt
SR EVNZR B TTACS 8RBT ZRA R B TR 2
GRACEA, FTHE TR ZR AN AR A 50 F R i 1

02 | RGERRA
2022 F 48 2845528 Apr. 2022 Vol. 28 No. 2

BEHR

FIRJLA KRG, IR Bl AT
A BlRs e, DR B S8, JF B g T
X Rk TR TT I

1% &

202242 H 19 H



HAES A IEHE e

BRESVEFEI BT IR RNTSE TR %

BT imllgR B n G i&

New Paradigm of Natural Language Processing: A Method Based on

Pre—Trained Models
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(Harbin Institute of Technology, Harbin 150001, China)
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2. DABERTADGPT AUFREY. ETBAMESALHEIFIIFESEUEBETOFNEARI, XBEIOATTE, B/ FAEERESE
ESMERVSHRS R, A LiiEE CRAEEBYAKE, EMNBRBSMIEEFTEIN. INIRKERESNE, LEEBDTALE
BRI, e E AR A IR BUERALSENTE, FASRASESHE. BEBTAEE. MR OMESEDH IR R, NN
SUNEEEAA TERHELER,

*gi: ATEEE; BRBESE; WlllgnESRaE; Bk

Abstract: Pre—trained language models based on super—large—scale raw corpora, represented by BERT and GPT, can make full use of big
models, big data, and big computing, which have significantly improved the performances of almost all-natural language processing tasks.
The performances have reached or exceeded the human level on some datasets. Pre—trained language models have become a new para-
digm for natural language processing. It is believed that in the future, natural language processing and even the entire field of artificial intelli-
gence will continue to move forward along the path of “*homogenization” and “scale”, and will integrate more sources of “knowledge”, such
as multi-modal data, embodiment data, and social interaction data. Consequently, these methods will pave the way for achieving true gen-

eral artificial intelligence.

Keywords: artificial intelligence; natural language processing; pre—trained language model; homogenization
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Abstract: As a typical data—driven method, pre—trained language models (PLMs) still face challenges such as poor interpretablility and robust-
ness. Hence, it is important to introduce human knowledge into these models for better performance. The latest progress and trend of

knowledge—guided PLMs are introduced and the paradigm of knowledge—guided PLMs is summarized,including knowledge augmentation,
knowledge support, knowledge regularization, and knowledge transfer.
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Abstract: Pre—trained models can automatically learn from massive unmarked and unstructured data. Nevertheless, the lack of guidance
from external knowledge has dramatically hindered the learning efficiency, model effect, and reasoning capacity. There are still challenges
in incorporating external supervision such as linguistics and world knowledge to improve pre—trained models’ ability of knowledge memori-
zation and reasoning. This paper provides a comprehensive review of knowledge—enhanced pre—trained models from various perspectives,
such as multi-source knowledge incorporation, knowledge fusion, and knowledge forgetting alleviation. Here we take Baidu ERNIE as an ex-

ample to describe the principles and applications of knowledge—enhanced pre—trained models.

Keywords: natural language processing; pre—trained model; knowledge—enhanced
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Abstract: A multimodal pre—training two—tower model called WuDao—Wenlan BriVL is proposed, which is trained through self—supervised
learning over 650 million image—text pairs crawled from the Web. This is the largest open—sourced Chinese image—text pre—training model.
Moreover, a multi—lingual pre—training single—tower model called WuDao—\WenLan MLMM is also proposed. Extensive experiments show
that these two models achieve the new state—of—the—art performance on multiple public benchmark datasets. In addition, experiments are
conducted to discuss what very—large multimodal pre—training models bring to text encoding, text—to—image generation, and image—text re-

trieval, as well as in what applications WenlLan can be applied in multiple fields.

Keywords: multimodal pre—training; multi-lingual pre—training; two—tower model; single—tower model
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[
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TP UL 3 120 A 8124 15 O 2 22 ekt ;. % F VOQA
VG Japanese, FATHERE 5 ULAY 3 000 4 [ E R 25 22 i vk
o FRAER T MLMM 7E 215 5 Wk I L iy seiss AL,
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L& Fh 218 5 Z B IS .
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TATAL o FRATTEE AR VCHL 19 22085 75 SCAS Fn S g A %)
MLMM 1, ¥4 85 )5 — 2 Transformer Encoder Y 304 %5 4 X
W EBEIIAEST AL, i 6 iR . X SO ST
AT SO S, O R R AR IR IX R i) o A A —
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NRha= UNITER 71.22 22.70
RUBZRES LI’&J;EJD En De Fr Cs En Zh Ja
=1 ucz 71.48 34.20
M3P 87.4 588 46.0 36.8 88.6 53.8 56.0 MLMM 73.21 35.40
En uc2 872 749 740 679 88.1 820 71.7

MLMM 919 86.7 86.9 8b.6 90.6 90.3 86.6

M3P 87.4 821 673 650 88.6 75.8 80.1

Each uc2 87.2 838 776 742 88.1 849 873
MLMM 919 88.1 8563 83.8 90.6 89.0 90.9

M3P 87.7 827 739 722 887 879 86.2

All uc2 88.2 845 839 81.2 881 898 875
MLMM 920 88.7 882 874 908 924 0912

Two young guys with shaggy
look at their while
hanging out in the yard.
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A CURE” SR, XS AT AR B A B R L
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ARA G L e R R K W R A 2 ) A4 22 AR R B
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SUMET AR, FATTAT AR FH A2 I A %o 15
{RRSCAR VAT g A%, BN, 4B VQGAN inversion, AJ LS
PUHE T SCIR BriVL B SO . B, 27— D3Ok, fa
A—TRBEHUR A R, 3@ SO BriVL A SCAS G it 7T LA
RN R BEFE RN . VQGAN inversion 1 H AR REC R« 24
B A EUR 20k VQGAN S 4 th i 1%, HALSERFE GaElid
SCR P8 g B A A 21 ) 0 2008 3T A A SCAR R ARRAE . [ 5E
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Pengcheng—PanGu: Large—Scale Autoregressive Pre—Trained Chinese
Language Model with Auto—Parallel Computation and Its Application
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BREWNIGHIE, XAERIATBREITEIEL MindSpore EE)FHIRAT N T ALEF TR, MNMIIESSBYT =4 096
TRNESE Co WHSHHIR, AOFEARSIHEABRT, B2 - BRI TPNENESERIEWES CEHEFRINHIEEE, EHE
L, 182 - BORMENRIESE. RNVUETY. IESZIULBEF IFHEBEE T RGN AEMR,

K21 AMEIIMESRA; BN KIEDMIUI4; PURBSEN; BE=>

Abstract: The world’s first large—scale autoregressive pre—trained Chinese language model named Pengcheng—PanGu with up to 200 billion
parameters is presented. Pengcheng—PanGu is developed under the Pengcheng cloud brain Il . 1.1 TB high—quality Chinese data from a
wide range of domains to pre—train the model are collected. The training parallelism strategy is implemented based on all-scenarios artificial
intelligence computing framework MindSpore Auto—parallel, which composes five parallelism dimensions to scale the training task to 4 096
processors efficiently. The experimental results demonstrate the superior capabilities of Pengcheng—PanGu in performing various natural lan-
guage understanding and natural language generation tasks under few—shot or zero—shot settings. On this basis, Pengcheng—PanGu model
has also achieved better application results in large model compression, prompt fine—tuning, multi—task, and continuous learning.

Keywords: large—scale pre—trained language models; Pengcheng cloud brain 1I ; large—scale distributed training; Chinese language under-

standing and generation; tip fine—tuning learning
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Abstract: The extremely large—scale Chinese multimodal pre—trained model M6 is proposed by Alibaba DAMO Academy, and the 10 B, 100 B,

1T, and 10 T versions of M6 are released. M6 has been trained efficiently with low carbon emission, and it has been deployed in multiple sce-

narios, which leads to the creation of new products as well as performance improvement. Also, to provide better services, the easy—to—use
M6 platform for users to leverage large—scale pre—trained models is released by DAMO Academy.
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Abstract: As the size of pre—trained artificial intelligence models grows dramatically each year, training such models requires massive com-
puting and memory capabilities. To this end, an unprecedentedly large—scale pre—trained model with 174 trillion parameters on an entire su-

percomputer is proposed, which rivals the number of synapses in a human brain. The key challenges encountered in such large—scale
model training, including deciding efficient parallel strategy, performing efficient data storage, deciding appropriate data precision, and dy-

namic load balancing are proposed. Then the solutions to the above challenges are summarized.
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BE. BEFuENSIIRES IN)IHMESENERESMERADR TR RE. EFSTRINNBIE Transformer RAVZFI1%7E
SEFANEN, GPT. BERT. XLNet ZEAMEINIENESEAUIET Transformer EELMHTIESTONL . INNBRIKBE A& DT B2EUEL
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Abstract: The pre—trained language model based on neural network and deep learning has brought breakthrough development for natural lan-
guage processing technology. The Transformer model based on self-attention mechanism is the basis of the pre—trained language model.
Large—scale pre—trained language models such as GPT, BERT, XLNet, etc. are based on the Transformer model or its optimization. How-
ever, the current large—scale pre—training language models that rely on powerful computing resources and massive data have practical prob-

lems. It is pointed out that lightweight pre—trained language models are an important development direction in the future.

Keywords: natural language processing; pre—trained language model; Transformer; GPT; BERT; XLNet; model optimization
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Abstract: On the path toward artificial intelligent Internet of Everything (AloE), highly efficient digital infrastructure and transferable digital ca-
pabilities are the core driving forces of the digital economy. Building highly efficient digital infrastructure requires the evolution from reliable
network to effective application and from connectivity to computing power; while developing transferable digital capabilities calls for the
shift from consumers to industries and from tools to transactions. Under the complex industrial environment, the digital economy can sus-

tain high—quality growth only when a diverse, systematic, and open innovation ecosystem is established across industries.
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Abstract: As the only way for the integrated development of 5G industry applications, 5G industry virtual private network continues to en-
hance the capacity of industry application private network and promote the innovation, landing, and scale replication of industry applications.
ZTE Corporation mainly improves the virtual private network capability of 5G industry from five aspects: reliability improvement, quality of
service (QoS) assurance, network interconnection, security improvement, and easy operation and maintenance. The problems and experi-
ence of the implementation of industrial applications are summarized, so as to further guide other pilot applications and promote 5G indus-

trial applications to form the development trend of large—scale replication.
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