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Figure 1 (Color online) Traditional machine learning models face the challenge of inconsistent data distributions in
dynamic environment.
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Figure 2 (Color online) The framework of autonomous machine learning.
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Figure 3 (Color online) Comparison of (a) conventional machine learning and (b) self-optimization learning strategies.
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Figure 4 (Color online) Directed acyclic graph representation of the self-optimization process.
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Figure 5 (Color online) The framework of self-evolving learning.
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o T HARM PSR, ML EHRK, MELEEHERTANREE. VT ERA=
XHEBFENHSE, FEMESERF RSB TRZRMBEEIAG G, @i zhas 8RN, £3)
PR ST 55 B AR DI VU ATVRIR, S I8 FO AR 28 25 W) RO R 28 SR, DA AR AR R, 0, 45 7€
“NERIBB IMCEEZ, R B EMAFRE R, HiE <z L2128 GG K" S50, A feE
“WERMER, FAVEZZ). IMRATIZ E, RRTIESE, FrilAE 177 B0, JT R I R S s
A% OPRERAE T W T SE 3 (1) RS H FEACEIR PR, 385 40 4 St FIR 208 i 4 22 50 37 i 1R
i (2) R E BB LB, 728 A BN S RO HE T FAH SRR, (3) R H FNAL S5
W, FEA PRARE S R, & s BT #2258 B R 07 SR THE RS AT A SC R i
B ELE T SIRESE, RS« Hodls BB | R BN RTR R A T DARE F R RS bR Bk

o T EEAAA A A B ) T AR A B A5 B 10 51 R ISR AR A O AR, W SCARRRAE (TRIZ
(. HaERIV)) 831, 4% (part-of-speech, POS) br%s 741 B4 B — ANl 4] 351, f5 HL Bkl 1 g A2 0 R A 1),
RIVAE B 55 451 3 R ] F 2 5 4 R0 AT IR . 5, 4 SR IR 2 < —RENAEBREE”, 5] 02 «—
R AR A AR AT T I, BRI RE St < — R R AAEDL W AR T M6 25 . DRI, A2 75
SR IUGN 61) R ) 5 AL R 5 BRI RN B 0 AR R T R e R RE G B A M R 5 MR A TR (S BT
T8 HAE AT DL NERE D9 LU JUANTT T (1) fnfe] A BREC 51 5 s B 200 e 3 v ROt R B
SUER, MEBE— DA IR, (2) e A AR T IR B LT, i B R A ORI 2 A R 1
PRATE S DA, B AL STHEZE AT LA SR RO iR Pk

o BEMGRRENIE LRI R AR N, EJTFBA T 1E R g, v 7 aa A EEER . B HA H R
%, BRI SIS B TE SO 1 SGEATHER R+ EE . BN, 4 — Rk B KRR <3R4
Ny ACRE. BINMERE AT 230877 FEA B A 15 S LSO R, IR MG T — A S E R EH
R [R1 %, a0 W AR SRAR . AH e, o RS V8 ST 25 R ¥ “ommb i A7 257 Al v &R
AW LA HIE A, I 5 MR — X AR TR AT HERE, WRALs At s 4a th— A T HL
AEEENEE,  “RAFFIRZ” 7 IR R IEENE SCRIRBLE A, B ILDEARTEDkL
R (1) SEARKE TR (16, ZHEEA) X, s HoE B 00125 m s
JERITE ST (2) S@ AR (2R, \I%) X, i B8 5 0 IR H RE S IR AN TE X
It HREBE X P A 1 0] 52 AR S A 7 (3) dnfrlidd B2 B PR AR I H R SRAE T IR J2 08 SR HERE R
gi? M B FALES 7 ST #ATAESS . Bdls . AR B e BRI RE Y, AT AR B iR Bk

o WA, 24T 25 A AR N LT 1) 5 B A% 1 (audio-visual scene-aware dialog, AVSD) 13637 {F
%, CERE AR LIS HERE I, H BRI TE 5 5 AT T IR & 4 A 25 RS, 7ERE
[ T ) LB B 28 A FH 3 S S St O 1 R Gt b, BT 7 SR AR SCUL SRR I S
2R RAREE, G Re4 1 HA S BRI R 5 BRI R flin, 4@ —BRaEsE
BREIRR, AT — A N — NIRRT — A, V5 B RR KIS Faa i <5 iRis 2
1877 FEABARIZ NSO T, Bl 2] g R REALH “Pv BE “i8”. (H—Rehs 5 S BRI 2 (Y
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BRI TTCAGS B “AETRCT A5 21, dbAR g ok Rl A B[R, X BARTE R IR h R it T
B2 HEE BT8Oy T IR AR I SRR B R, A LA BORVE BT R . (1) nfarid
o B FRACAA LU v A B 1 SO AT 2% 2 DR i ) il ORI [m] 5 A0 I SCAE 20 Y, s
B R R RO BB Sy (2) AT B R ACHLE IR Be g & A B AR RS Bh A . A
XS (TR RO ) S5 2 BSAE B RS0 R B L8R T 0] DU RS B k.

4 FEREARRKFE

MR B T2 2T PR, BAT51 1T H NS S RS, JFR I 7 —MEMHESL. B
TN IR ARSI B X, OFF B BAES5EE. A BRI, B BRI EE, AR ZEANR
FABEATIZEEEFE, [ AR A8 S AT BRI 3 & B BRI B S kRe. A EHLE
HEZR iy B AT LA B R A, BATIR I T 56 2 JARAL AR A S B HE S R R A
Tl RS A ERERNLA A . TE NSRRIV RETC ANUE A BT 7T, AT T iR A
EHUEA T B TR 2% [ 5C B 1]

HEPLER 25 BaPLEs 53] (AutoML) KRl SIAAAEAR T X . B siHLEs 2 > IRz 02 B 30
e, e RET RS B e PTG LA i E (S R RRal TRE . BEALIE ), Hbr2md A
LA, AEHARAL H AR AT AR A TS g HARX S . 94l 22 ST % L2 FR 9 UK, 8 e A
ST BT 25 55 3] U HEmE DLSE B AR 5%, e 512 HARINEN Y, (BB AL AR
Jih R KO AR B, MILEZ R, B ENS AR RS H J I CH M 5 . EAMY
SR L BT ARSI 0 S R B B, HEORHRE 2 REARIEIA B S BTRT B BOIRTS, ZhEH
TSI L RIREEBRE 1A 5 (W B SRR S 2 SO B AR & s . SR RIREE ),
RIS R 1) N AEBRSN /7 B N AN RR ST RE /), BEMEREE AR T BRI R4S

AT, FATHE K B N8 STHEQL S R PLES 22 ST A%, I HLRe st 2 A
TRHE S LA SRS, R EART: 228, BH . B3 SORE R, XTERSG . HLaEIE. SO
AL EARRI . 15 S AR B o I A] 5 41 T DL K% 1) AR 3 AT s Tl 4

NS E RS, U FR B LA R A DAL, (1) B85 ] SRS R Rk e An )l A% ok 2k
K, BRI ZHREVERS B RS RIFESCAR X BT IR 5 B B BORES, ISR Eh 224k, 3
R WA IR PR TR B OMEREIR), JFRE TR R RPN A (%, SO
. (2) BREIRRE Stk nrid o R L B S Re TIA 5, LA Re K, i
HWE IR G, SLICIZBs MR B . (3) Bl - B - 55 B BB S Eh AT IEOR
85, Gnfel B E R MR R I, Sei SRR RN 28R, B 2 SRS IGET T H AR, sScBlsdl - A -
155 B WAL, (4) 22 nI A5 1 BT R E o] JE M B SRR A A AL 28 48, SO T N e
D00, BT e XIS 3 RS

XFFARRIAE, BATIALU IS A+ /HMERIRER.

AEBREENRES. TR0y 7L IR R RIS R L 226 . 9 T3k
FENEHUEAE, FA TR IF AT RER K B ENLE 2 2170k, B RES AL T ke LB BT T, 2 AT K2
KT AR RS 25 51 (0 QU RO WA AN (0 SCAS TR A A TE AT B R P A DX8sR) rh e 5540 B T o
FARII SCHIESE, 285 P SRS RAIE W T O 8 . R0, AEAR A B0, VAR HE R kA Sk i
B L RA R R LA 5 ) AR R 5 A SR HERE I R A — B, B EAE 1 AR E B3
G5O TR UIEAN R A, 7T BL U T B ARG 5 A AR AT SOAR, JE MR B S5 BRI PR
AR, SRJE R S S A R A O R A ZE A\ B B LS S STHES R, BLERIANLFED AR, it
b, BINHIRHER G AR, IRAER NS0T g B DL R AN H DR AIFEAN LRI, FEE AL LR R T
TS SRR BTt — MER I TN .
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ERBAINRFES. AT RE. SRETZ Ny R, R B CEEN. YL Ik
PSR T B AR 22 VA S DR S B0t A I R AL 27 S B IE B 5 2 30 Bt
FEACHISEN. B4, 25 58 — TR A AR 20 I 28 TIN5 A7 il 8 B B 3 X Ol v, Dy LI (e N 8¢
W) UNEBD, e BRI B AN S I 5. K 22 B BT R B 8 7 VR AR A ) R e T v B E
), BRI E AR 5 FE Bt R AR O3 I R R T SR RE NS LA Gt — T N R Moy IRk AT B A i | 2
PUER SIHESE, FAH ST H BB NS 25 i 2 Moty I Mo 20 2 & S R R B A B R f2 — A
EAFRIZ BT TR, BeAh, VRN — DN RKITE R, BB EEW 2R EGE, THRE LA S KR 2SN 2
(homomorphic encryption, HE) 5%, 45 H EHLAR S ) AR S L TN G SRt 2 —1MF
B SR T7 0],

AHMEEENRES]. 1 TEIEFAL H BANEEE AR, A5 B LA ST FoAZ O PR AE T
I RIERE S AT AT IS, ARG/ INEEAR 2] L Jest o) iER o 2] MBE M EE AN 2, sk = A AT
ST B AR OC R AT RE 77, G B AR I 2% DR B R AR U B AR IS DR SR AHE R, e iE s
H ENLE SRS ST B R IR, 18 SRR A IREOE T B B0 SE I ae 20wl (5 & — MEASR
RITT 18 VEEE M A Wt — P 0l AT A7 NAIE, Bk, FRENRMEN AR, 1555805 N TR qE
(constitutional AT) FE, FHASELAE N A AR THRI TS5 2001, 18055 B E ik 5 NRINE; LR,
I A HEPRIG R, M5 2 RN UE SRR, B % 2 77 R Bl n] AR I A TG HE 3 A AT SN 22 A A
W, i, BRI IZ I e PR R S AT S R AR .t B EALER A ) SEL AT AT N RTE A2
—MEFERIBTFTT ).

BIRBFBENRZS. EHE R, BB PR FH NI A &5 Il R i 7 or A
R U5 P R R A R R B D 5 AR T 2 =) 0 B S A N BRI A A R . A
K SRR K, AT B EVE IR — N HERE R RN A £ 088, A
ARG AR R RSN R R, R — N IATIII AT 3R TR, A IR, 3 EALA S
PAE W07 ARG TS B . A IRAL BRIV HRAR, 5% 2] 45 SR SO Sk ey sk
CRORPRAE . XA BT O AN LR RE RO B AT B 5E FEAL B A

BEESEE. FaNASGERAGAATFEN LT HOREE ¥ SIE55 e d55 I s A T
RUBRRE, T H AL ) I R B AR T SR R IR S AS T IROA SR, B2 T B AR B A, SRR
FOIGMEL - QIS WA E BEARE RS HE N e, S0 HE, RIEF A (LLM) 4K
BN E E R R TR0 b BTN R 1) 2 AR EE AT SRR R ), 18 AR TR B S
FESPAT. RS ZAIED I, B P DUR I SR EERFEEAC |, 52T 3 E i sl iz AL,
1M LLM 8 Ge4& i TR B K, FOAT DLSE AT 5512 SR 3, (E HE AR i ) 28 T804 SR T B i B S AF:
ZHAT. LLM 7] DMEA B ENLE 7 I AR E, @i LLM & 2RSS HER, 327 B EHLE 7 I Rt &
I BIAMA E IS AL B i ae ), 8RR 2R R T E RIS, X2 — MERTT T
77 18]
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Autonomous machine learning
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Abstract Conventional machine learning (ML) is capable of training on data and constructing models for given
tasks, enabling these models to acquire predictive and decision-making abilities for the corresponding tasks. This
can be summarized as task-driven ML. Existing methods rely heavily on external human guidance and empirical
specification of data and tasks, model configuration, and parameter learning during the learning process. In
real world, dynamic, and open environments, these methods cannot learn autonomously as humans do. This
paper introduces a new concept of autonomous ML. Specifically, we define autonomous ML as a self-driven,
dynamically self-evolving learning process that encompasses self-optimization and self-evolution. Firstly, it can
actively explore and perceive the environment for autonomous data selection, autonomous model adaptation, and
task switching without human intervention. Simultaneously, autonomous ML is able to dynamically self-evolve
based on feedback from environmental learning and the current machine state. Additionally, the paper presents
several application case studies of autonomous ML and discusses future research directions. We anticipate that
autonomous ML can enable machines to learn autonomously like humans and provide a new perspective for
general artificial intelligence.

Keywords autonomous machine learning, self-optimization, self-evolution



