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Abstract: Along with the springing up of generative artificial intelligence (Al), notably epitomized by large models (LM), the incorporation of
these LMs within communication networks has attracted extensive attention in both academia and industry. An overview of the dominant
deep neural network (DNN) architecture of LMs and its emerging capabilities is introduced. The significant advancements achieved by apply-
ing LMs for communication networks from two aspects are discussed, namely, the mutual collaboration between Al and communications,
and the deployment of network generative pre—trained transformer (NetGPT). Additionally, the imminent challenges and further work are
also discussed. Considering the outstanding performance of Al/machine learning (ML) —based communication models compared to tradi-
tional models, it is believed that integrating communication networks with large models and enabling them to work together can further en-
hance system performance. To realize the integration and collaboration of communication networks and large models, it is essentially neces-
sary to build NetGPT properly. Edge—cloud collaboration provides a good deployment solution for NetGPT.
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Abstract: A distributed inference paradigm for large language model (LLM) with stronger parallelism and better compatibility is explored,
which is designed for weak computing power and small memory environments. Meanwhile, an efficient All-Reduce group communication
technique based on communication tree is designed for the different bandwidths inside and outside the host, and a fine—grained memory
management and scheduling technique is designed for small memory clusters. Finally, based on these key techniques, a set of LLM infer-
ence software system for resource—constrained scenarios is constructed, aiming to maximize the LLMs that can be inferenced with a lim-
ited number of low-resource devices, and at the same time accelerating the distributed inference by optimizing the communication strategy
and computation scheduling. Experiments demonstrate that after applying the above techniques, the first lexical element generation latency
is reduced by 34%~61%, the lexical element generation throughput per second is increased by 52%~150%, and the memory occupation is re-
duced by 61%.
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Abstract: Due to its powerful linguistic capabilities, code generation abilities, and tool orchestration capabilities, the large language model will
be an important factor in the breakthrough of artificial intelligence for IT operations (AlOps). The architecture of AlOps in the era of large mod-
els is a human—machine collaborative system composed of multiple AlOps intelligent agents. Firstly, the application requirements of AlOps
for large language models are listed and the architecture of AlOps in the era of large language models is explored. Secondly, the challenges
of integrating large language models into operational workflows are summarized, and solutions to these challenges are proposed. Finally, it
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Abstract: Enterprise knowledge management is very important, but traditional enterprise knowledge management systems suffer from high
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augmented generation (RAG) technology is proposed. Firstly, the overall scheme architecture, business processes and four types of knowl-
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R EHEROR G IR DRl R sk e AR R ) R R 1) T
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SRR R P T A R T RSB i AR R 7 A 1) [ e 5080
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5, MERIREF TR R . MR ITIERS 05
e EA R, I i R AL AP 5 A R R A5 R
ARSI RGERE G — BB, Xhil 55 2 SR AUk
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VBRI BE 42 Ot E2b 55 )20 .
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o MR Z R B RIS P TR R SRR N A R 1R 3C
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2 KEHA

2.1 MIRMEREA

A A AP B R G AT, PRk
SRR AR 5 T A AR R 25k e iR, JF
P HARAFIR A TR, MR R R R R B i e 1
RAG M 2 R Bt . Ak AUk IE £ 24,
R . B SN A
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SRR A FR ) F BRI Z — . W, SORi

API:NFiEERIEEO DB HUEE
AB?2 FHREERRELRIE

LLM: KiBSEH

PrGERRA 65
202448 E30&5E 25 Apr. 2024 Vol. 30 No. 2



REBFHREBERR

\\\\\\\\

HRT R WAL, SO YIS iR AR, A ReSE
BN AR SCRY R B R ZE R AR A . o, Sopy 43
PR AR . R R % Ae i 2 V) F K
NIRRT TR, PRUERE— ) R TG SCRIR 583 . # DAY
VI Fb R Bg B A 5y . Hebnfmb) oy . HATYI o .
BT U5y . bR 5y . Herh XY15r45 . BRI SO
PR AN 3 TR o

SER AL BAFAYSCRY, i word . pdf. himl, Markdown
A OCRY, i H AR AN EAREZRGE . Hik, &
ATTAT LA R SCRY AR B ) 75 s AR IR S5 A A 8., T R Heds
BN B AR N 25 E SCN ARSI T e, dad
R — YR A ST E Y] = e iy 31 sidn i s B,
D) R P2 AT LU b e TR SR P i A5 L.

2.1.2 FREFE AR

R EE I SR R R A SR 48 SR R R, B
Pe TSR RENTZEMER, HEPREE T —Fh B
L e N I AN AN SRS 8RS DR 4 €/ TR DL N
WU R, JBPERE . RS R R H
H, SERTRGIROC REEBURBO S AP BR, 1558 LT LIy
SR Ll g /N A SRR I 55 I SOTA (1)
W2NER®, LERERTVA 7Y, 7F 5¢ & $2 B [ U SOTA Y
CasRel"MEERISE | SRS MAHNAT S5 o ifE KA, mF
LLM EA 58K A 18 PR AR BE 7, nT LA T LLM 3 2 703 4
(1 Prompt AT SR FISC R L, BB — e A T4

2.1.3 B

B PE RIS AP EAR GO R B e . A3 BT AL
PEAEER PR i R . 7EME AL R, Al — BB
SLRRVR TR RIS A o 38 OC R B e s
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W AGr T AL PRI J AL BRIA T . oA T 4T RAG IO TERR B, T’
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2.2.1 HiAbHE

ARG ZR R GE, AL BRSSP A e T
PR — RINEART 2, BRI, DR ERRER
FUERIPE. AIALIE A RE, 2y e, HiET&
W ARER . Al R RIREZE . StepBack
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SRR AT, NN OISR e . B R R, X
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T BEF ) PR B AR 2R DT R A SR L SR B, AT ARI — 41 5y
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Abstract: The major advances in key technologies and applications of large models since the release of ChatGPT are presented. In terms of
large model design, the model scale is increasing, but it has slowed down. Longer context and multi—-mode have become the mainstream,
and the computational efficiency has been significantly improved. In terms of model training, the focus has shifted from simply seeking a
larger quantity of data to a more focused approach on the diversity and quality of data, especially how to train large models using synthetic
data. This is an essential direction towards achieving artificial general intelligence (AGI). In terms of model inference, model quantification
and inference engine optimization greatly reduce the cost of model use, and emerging algorithms such as speculative sampling gradually ma-
ture. At the application level, Agent technology has made significant progress, playing a critical role in addressing the inherent limitations of
large models. More and more enterprises are beginning to plan, develop, and utilize large models, and the enterprise—level large model appli-
cation architecture is becoming increasingly mature, focusing on scenarios, technologies, and algorithms to accelerate the closing loop of
large model commercial value.
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