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modal content understanding, imagery, and multimodal content synthesis. Generative foundation models often consist of
billions or even hundreds of billions of parameters. Thus, they are often deployed on the cloud side to provide powerful and
general intelligent services. However, this type of service can be confronted with crucial challenges in practice, such as
high latency induced by communications between the cloud and local devices, and insufficient personalization capabilities
due to the fact that servers often do not have access to local data considering privacy concerns. By contrast, low-complexity
lightweight models are located at the edge side to capture personalized and dynamic scenario data. However, they may suf-
fer from poor generalization. Large and lightweight (or large-small) model collaboration aims to integrate the general intelli-
gence of large foundation models and the personalized intelligence of small lightweight models. This integration empowers
downstream vertical domain-specific applications through the interaction and collaboration of both types of intelligent mod-
els. Large and small model collaboration has recently attracted increasing attention and becomes the focus of research and
development in academia and industry. It has also been predicted to be an important trend in technology. We therefore try
to thoroughly investigate this area by highlighting recent progress and bringing potential inspirations for related research. In
this study, we first overview representative large language models (LLMs) and large multimodal models. We focus on their
mainstream Transformer-based model architectures including encoder-only, decoder-only, and encoder-decoder models.
Corresponding pre-training technologies such as next sentence prediction, sequence-to-sequence modeling, contrastive
learning, and parameter-efficient fine-tuning methods with representatives including low-rank adaptation and prompt tuning
are also explored. We then review the development history and the latest advancement of model compression techniques,
including model pruning, model quantization, and knowledge distillation in the era of foundation models. Based on the dif-
ferences in terms of model collaboration purposes and mechanisms, we propose a new classification method and taxonomies
for the large-small model collaboration study, namely, collaborative training, collaborative inference, and collaborative
planning. Specifically, we summarize recent and representative methods that consist of dual-directional knowledge distilla-
tion between large models at the cloud side and small models deployed at the edge side, modular design of intelligent mod-
els that split functional models between the cloud and edge, and generative agents that collaborate to complete more com-
plex tasks in an autonomous and intelligent manner. In collaborative training, a main challenge is dealing with the hetero-
geneity in data distribution and model architectures between the cloud and client sides. Data privacy may also be a concern
during collaborative training, particularly in privacy sensitive cases. Despite much progress in collaborative inference, slic-
ing and completing a complicated task in a collective way automatically remain challenging. Furthermore, the communica-
tion costs between computing facilities might be another concern. Collective planning is a new paradigm that gains attention
with the increasing study and promising progress of LLM-centric agents (LLM agents). This paradigm often involves mul-
tiple LLM agents who compete or cooperate together to complete a challenging task. It often leverages emerging capabilities
such as in-context learning and chain-of-thoughts of LLMs to automatically dive a complicated task into several subtasks.
By completing and assembling different subtasks, the global task can be conducted in a collaborative manner. This scheme
finds diverse applications such as developing games and simulating social societies. However, it may suffer from drawbacks
inherent in LLMs, including hallucination and adversarial vulnerabilities. Thus, more robust and reliable collaborative
planning schemes remain to be investigated. In summary, this work surveys the large-small model collaboration techniques
from the perspectives of generative foundation models, model compression, and heterogeneous model collaboration via
LLM agents. This work also compares the advantages and disadvantages between international and domestic technology
developments in this research realm. We conclude that, although the gaps are narrowing between domestic and advanced
international studies in this area, particularly for newly emerging LLM agents, we may still lack original and major break-
throughs. Certain notable advantages of domestic progress are closely related to industrial applications due to its rich data
resources from industries. Therefore, the development of domain specific LLMs is advanced. In addition, this study envi-
sions the applications of large-small model collaboration and discusses certain key challenges and promising directions in
this topic. 1) The design of efficient model architectures includes developing new model architectures that can achieve low-
complexity inference speed while maintaining efficient long-sequence modeling abilities as Transformers and further improv-
ing the scalability of mixture-of-expert-based architectures. 2) Current model compression methods are mainly designed for

vision models. Thus, developing techniques specifically for LLMs and large multimodal models is important to preserve
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their emergent abilities during compression. 3) Existing personalization methods specially focus on discriminative models,

and due attention needs to be paid for efficient personalization for generative foundation models. 4) Generative intelligence

often suffers from fraudulent contents (e. g. , generated fake imagery, deepfake videos, and fake news) and different types

of attacks (e. g. , adversarial attacks, the jailing breaking attacks, and the Byzantine attacks). Thus, security and trust-

worthy issues arise in their practical applications. Therefore, this study also advocates a deeper investigation of these

emerging security threats. Then, it develops effective defenses accordingly to countermeasure these crucial issues during

large-small model collaboration for empowering vertical domains more safely.

Key words: generative foundation models; model compression; large-small model collaboration; edge-cloud collabora-

tion; generative agents; generative Al
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FEF TR
Hinton £ A\ (2015)
Allen-Zhu FILi (2020 )

Frantar il Alistarh (2023 ) Banner%: A\ (2019) FEFR RN
Sung %A\ (2023) Dettmers% A\ (2022) Romer?%im( jjﬁf?)
Liao 28\ (2023) XiaoZE A\ (2023) Ji %)\ (2020 )
LERAL TR BB FET R AR RN
Li% A (2017) Jacob % A (2018) Passalis Fll Tefas (2018)

Luo = N (2017)
LiZ A (2022¢)
Liu 2 A (2021)
Ma %A ( 2023a)

(a) HEAIBTEL

Stock A (2022)
Liu 22 A (2023b)
Li %A (2023d)

Chen %A\ (2023c)

(b) FiAL sk

Park ¢\ (2019)

T IMBLRE 0%
Brown Z£ A ( 2020)
Huang % A\ (2022)

Ho %¢ A\ (2023 )

(o) R

P4 JAEAL/ LAY SR )y 125
Fig. 4 Typical methods in model compression ((a) model pruning; (b) model quantization; (c) knowledge distillation)

1.2.1 AT

P2 2% B A H R IS 2 A AR (over-
parameterization) BUZ2 , B BT AT H7 AR H 15 B st Al b
I TCARZEA sl ME RS Az 5 6, (R PR v
REANE o AU BYAS 7 15 ) 0 AR S A AL BT AR 254
B

F U A ARG F Ak Y A D7 A4 X 28 T Y
SRS BAZ R BT AL, 56 EITH AR X Y Han 55
A (2015) f A4 N ZR— BT B —FF I 257 (train-
prune-retrain) — B B AR 4544 5 & 5 vk RIAE 56 R
RURI IR B BRACE (/N T 5L B ) JE 2
PRz %422 , DTRG0 2 i 422 2 e Ak i i 422 )2, Bl
Ja TRz si b M4 IR E BRI RE . 22
P 4 307 K 22 B9 Gordon 45 A (2020) #E— 25 52
7% BERT B RUABCAS [ R B 79 B9 A3 Bsf 6 T4 55 1)
SER o IR R B 2 5 4 R A 58 BE 1Y Frantar il
Alistarh (2023) 42 H} SparseGPT 5 A 77 1 , ¥ & %t
GPT ZR 9 1) 5 Al S AR Ay sl R A F A i [ 4 i)
O E T I 25, TEA R BB - AR I AT £%
R 50% DL E AR AL 2400, BT AR AL, Sung
SN (2023) $2 ) H L BHS ” (coarse-to-fine ) Y 7 By
Beay Ay vk R — BB B A S 0 4 Jy T A

febn , LU IS N5 200 2R R 2 M i Ak , =
RO BTBOE

SEA AL TR VR W RS BRASE IR r o 22 ) 4 3 1
BRI AR 2 o AH L T ARG M AL BT, S5 AL BT R DT
AR RE (B AERE A - ROR S G,
ERNTORIERE 1) P2 V9 EE B S ES IR E sy = 3 BN
(2017 ) $& 3 — 1 B A RA P I 25 5F s LA R A T ¢
JIN PR DB I A AH o i I S BT A B 0 Li AN
(2022¢) 43 B I 4k 1 J T BEALIE R 19 5T By 5 D
B R 0 265 38 3 A B o BTN I 57 R B Ma 55 N
(2023a) 2 {1 LLM-Pruner J7 4 , % J7 ¥ L B LA
BIEFEVEH AL BRAR SCHELS M | i B B R AR 1Y
ML BRI
1.2.2 iR

BEAL i A2 R 07 s B A Ay S i BRI
—RHOR R RS B e 2R 8 LA TR 45 S 80, [ i
REAR AT R, ST B o BE X S AL PR Al ok
VR TEVE REI G AL 1 AL IS AE IR T AR R A 2
BOat ] iy PR PR REAR 2 o ARl i AL R AR B BN
), BEAT J7 ¥k Al 23 o W R 2K - I 5 AL (post-
training quantization, PTQ) Fl & fk /B H1 Y1l 25 (quanti-

zation- aware training, QAT) o
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DINZRE k. 55 B 429 K2 ) Denton 5 A
(2014) 5 1 A BUZ B RBRAEH , A A B 23 fife A
BTy 3k X A R HE 3 . Facebook Y Gong %6 A
(2015) $2 4 3 F 2% & 1 1k (vector quantization ) {9 7
2, 4878 1 k-means 5 &5 kAR AR B AL 19 A AL
P . Banner %¢ A (2019) WF & T & A~ ifi [a] 1K HE ¢
(4-PeRs) ALY S O ik 4R 1 1 X BOE Ay
A AT R M 38 38 LURR O3 T A5 SRS o SE R RRA
BT R 2411 Xiao 45 A (2023) £ X6 K3 7 45 A Ak
IRFREAE Y0 1 29 A B 4 (Dettmers 55 A, 2022) 2
tH SmoothQuant J5 32 , 18 2 38 18 B2 AR 4 X6 K AB Y 33
TE W P ARLASCT- L AT 2 TR A

2) AL . A Jacob 55 A (2018) 7E
BB AT ) Y11 25 b 25 f s AR 22 DIl AL AL 1Y
I # 3 B2 . Facebook [ Stock 55 A (2022) $2
Quant-Noise J5 14 , 1% 7 12 75 5 U W0 28 1if [r] Y11 25 10 1
PP AL — 80> S 80746 | A5 15 B 7 4 B B Bt
X5 22 R . Meta 9 Liu 28 A (2023b) #2 i
LLM-QAT J5 ¥k , 127 i SRS R R IR A e —
(B = ZZ A7 (key-value cache ) i b , 42 FHim AL AH Y
A R Li 2 A (2023d) #2 HY LoftQ LA Xt KA Y
LoRA it Ak , R H T RS DAL AR (AT i1k
(TR AFERE o BT X AR I S R v
5L g ¢ M M 35t ok ] B, Chen 55 A (2023c) 4
LifeQuant, 1% J5 ¥ X 1t £ 25 [8] 81 D)4k ARG 2 1k
PR A R EER RN, [ 45 4 458 I (replay ) J2L
% 20 A M it O XA
1.2.3 JIRzZRIE

R A% O B AR Rl o 5 | S i A/ S
LA PR BB BT i K 0 A AL (47 Ay, o ABE Y (1) 1R
TR 2 /MVEERL AR /SR TS 1R [R) AT R 26
BRI AT 3l 428 BT RIT (logits ) IO TR 22
TR B TRAAE A PR B T OC AR TRz I D
TH [ JASE AL PR 7 B MR 281

1) BT X T By MR ZE M . A Y Hinton 58 A
(2015) Ay RAGRL (A AL ) 1Y % 7T (H 2328 45 fie
JG— M AVEREZ B ) AT R AR Ry /M A (2
AR PR 2 0 B E {F 27 (dark knowledge) ,
PRI it 3 o 5 /N A /MBS R ) BARE 238 (X Te A e
I T B softmax 2% 4 ) [8] Kullback-Leibler (KL) #
JESEIUAIPIERS o TP ETTIR T AR 28 R U A
9o JREZ T ISR W] SR ROR T AR

HLEE 0 AfE LLBE A o 3 8, Meta £ Allen-Zhu 11 Li
(2020) 42 i Z 40 A S i, NERCHE 1) 22 40 £ 45 4 D T
Xof B B X O 78 18 U4 Y P R

2) B TRHE RN ZE IR . PUBESF L ZE IR
71 Romero 55 A (2015) 4 Hi FitNet, 1 UCKE AR
Y8y v )RS AE A SRy i B MBS B ST AR ZE IR
Ahn 55 A (2019) $2 i1 35 T8 43 5 28 18 19 VID
(variational information distillation ) J5 ¥ , i i f K
AT K 2 A= BEAUTE R AR 25 18] 19 A R, S By
BRI o BE X M — 27 2E X 48 R AiE 2= 38 B m) D
SN (2021) 42 HY Bk 3 1 0 ML B9 R AR 2 4
Tk

3T K RM A ZEIE . Passalis Fl Tefas
(2018) 2 i 1 — F A8 & 1 L 5% 2 (probabilistic
knowledge transfer, PKT) J5 ¥ , 1% J7 ¥ A8 F OGS (4 A1
LR FEAHE T G R (R Ik 2, SR 5 i i Fe /Iy
A6 55 1R 43 A 1Y Kullback-Leibler {5 L 27 4=
T IR R FF— 2. Park 55 A (2019) 2 Hi 56
Z IR 28 1 (velational knowledge distillation , RKD)
D7 27 VR T M S AR Zon R S OC R
A= TO2H A B OGRS YN RAEAS 22 8] B AH B AT
AL, Wang %5 A (2023b) 1 SSD-KD(self-supervised
diverse knowledge distillation ) , 18 1 [7] B 1) F AH &4
AN Z T8] 4 9% 8 FTREZAS A [7) 18 3 22 [ 1) G 2%, B4
S HOC R AR S T

4)FETIMILRE I R FITRZEIE . RIS RITES
Bl ot — o S 9UE RE ) BRIt R MR AL
AWIRETT W RO IR IRE Ty, an B R SCE
HE 17 (in-context learning, ICL) (Brown %, 2020; Zhao
5,2021) FAIREE E 71 (chain-of-thought, CoT) , 4
o7 M, 3 3ek 2 18 7 ORI T B RE 13 /MR R £
7 PR TIMBLRE J1 12818 (Zhu 55 ,2023a) o 3K
FE A8 HE P R 2% 1 Huang 26 A (2022) #2470 1R SC
7 8 (meta in-context tuning, Meta-ICT) fll Z £ %5 |-
I CH#0H (multitask in-context tuning, Multitask-ICT)
T Gl B S0 2 FE S @A = ST
BRI BN SRR . SR ENMN A R L AL
19 Li 45 N (2022b) 78 AT 55 2 > Gy 5t A KA Y
R RERE ST e/ NI R, i R R BE Yy
Ho ¢ A (2023)#2 H} Fine-tune-CoT(fine-tune chain-of-
thought) 77 2% , 1| FH 2800 RABE R A= ol ) BEARE AS X 252
Az /RSO | 8 i SR s 1T i ] i
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5 /)RR IR f) A L i
1.3 XK/NMEERE
FRAEPME B AT, KM R T =200 508

McMahan%: A (2017)
LifllWang (2019)
Diao%¢ A\ (2021)
Zhou® A (2021)  gimips @ i

Zh

| |®|e[@fsit MaZEA (2023b) —=
” Nan A (2023 ) '%'&'ﬂ%]

(a) PhEIIZR

Ko A (2018)
Banitalebi-DehkordiZ
A (2021)

Dai%E A\ (2021 )
AsadiflICoudarzi(2024)
Jiang S¢ N\ (2023)

(b) PipfHfE

W [F) 1 25 (collaborative training) R ] 4 HE (collab-
orative inference ) F11Ip[E] B X1 (collaborative planning)
3R P T =0 S LR T VR AL S T

Lin %8 A\ (2023 )
DuZ A (2023)
Hamilton 28 A\ (2023 )
th()xny Fu %A (2023)

Park Z£ A\ (2023 )

Li 2 A (2023a)

(c) PrlmlRLL

BREMHLL

5 R/MVEERS R J5 2 R i B Ty ik

Fig. 5 Types of model collaborations and typical methods

((a) collaborative training; (b) collaborative inference; (c) collaborative planning)

1.3.1 ANk

BE R KA AL (R A H Sy i PR, i A/ s
TR T A U 312 2h A 3 s it I i B s 0
SR BE T o B R]E S AIRZE R R IR AR
457 A SE RTINS, SEEAE 3 b

2 R 28 Be B9 Lu %5 A (2019a) 1 T 52 BLAR
Tvi] 15 4 B 200 ) R S RS R A R S B B T
i WSS 750 5 2 A 7 i) Fy 0L [ R 2088 O 1, R i
WA MR P RN SR 40, T A R e e oy %8 . 42
#, HAEEB KA Zhou 55 N (2021) £ H 11 7] 497 Bk
W Z 48 v S 22 H bR A4 55 09 B i — 3 — = B
PMEIYINESR T, I s M A 7 5000 e 46 FVRFAE SR
LN 5E B2 PRFAE Rl AN i AR 5, 2=
AL RE N, SEELT A BRI R IR 2 RN B Y
BRI ZRRRRE 22 > o Ry A DRSO T3S TR) R, R
A2 BN 2240 5 A1 7342 1Y Bhardwaj 55 A (2022)
TG AN o3 AR T Rk 2 S [l 15t
T BT R B R R AL A L R R g S
B U A5 A o R ) AT SR A 78, P B A A5 2
TSR IRt PR R 5, e B E LT
ML T . Ma % N (2023b) BFFE LT 40 2 N
FEE AR FES A S Beit a5 ], A9 R 40 v] sh S H i
BERFEE T INGRGEIR . BTN pe i T K 2% 19 Nan
S5 N (2024) 42 Hh v 2 B[] 2 ) 284 R gt e S
AAMFREE: SIS G R G VR T3 2],
IR 2 v KA AT R 821 25, LA T = 2
(ARSI A3 AT DI 6 [ Bk 2L 190 2 s 1 2= i =22 [0 ) 0
A o AR AT ) R AR L S5 AR W B
T 22 BE 1 Daga 55 A (2023) #2 Hi CLUE (collaborative

learning neural nets) %% >J HE 22 D 3l 25 $12 BC4H B 5 5
it 28 0 255 v ) E SR, O R T AR R R Y
J7 RO B S H bR T S B WO M BE . Dong 5F A
(2023) $2 H EdgeMove %ifi =~ PR RN 2507 & o %07 %
I 3 R AR BRI 30 2% A 55 R U R PR R L R
AT AT AR Y 43 DX AR DI 25378 7K 28 (pipeline) , I 3)
w IR KL P BRGNS, X—I7 R
18 3 i 2 2Z (A IR ] S B R B A i e g A A
Yk,

IR 27 > 2 P W i3 = — > S R 451
IEFR 24 o) e i i 28 W R (MeMahan 45,2017) ,
5 A ] i 0] 80 5 0 R A7 A5 B ) AR I 5 T
H H T R S I B SR G B0 R — 2 A LA
Dk BRAMATORIBR S I R R Y, TR
FRF IHELET N ZRBHE G 2 B AEAS b X v 35
AT RSN UL PRI I B S 2 2] AE 15 A [R] 3 [
INZRAY[RIRE , AT LA s PR P B AL AR 42 4
FRFR 272 2 B 2% 15 a5 AT AR [R] A 28 45 4 L e e
TR e R R XEE R, T RREOR MBS P [R) A e 1) . a3
B2 ) Y S B PE A H #5232 86, BRI A 5t
5 51 (Bao Al Guo, 2022) AL 5 5t 1 ( Zhou %5
2022) B S BUME (Li 45, 2020035 H . Horp, 78
Y S S P Ty T s A BB AR AN ] (94T 55 VR A 1Y
BOR, PRS2 7 v ] BB S S BT H A M AR
R, N S 0 2 535 Z ] 7 R R RS i, 323K
JC I P H P A RSE 0 3R 5 s B R A o BT R Bk
0%, € WA B K24 A9 Li fl Wang (2019) 42 H 3L T2 52
) SRS ZE AR i, A0 sl 0 RO B 4R
A A ) A A ) TR 2 TR A O e
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W 1T AR R PG AL S A A 2R 15 5 45 sy
Ao YuBE N (2020) $i 3 o 7458 blp ] o 7 o At
LA AVE B XS 55 B 5 58, B T AR A R T
0515, AR AR USSR 1) K4k A 55 20 A ) A A AU 2
o TEBRFR A T HESR T, 35 [ 25 WO M 7 K27 1
Zhu A A (2021) $2 H 2 T ICRE MR (data-free
knowledge distillation ) 1Y J5 ¥ , 3 i H0 35 827 2] 52
A A AT DT RO PR R B
ik ) S ASE YA Y B 2 e A A b I 2
J [ AL 58 K2 (9 Diao 55 A (2021) 42 1) HeteroFL (het-
erogeneous federated learning) 7572 , 18 i et FE 41t IH —
1k (batch normalization ) A0 22 X 4§ 4 Jis (masking
cross-entropy ) 3 45 A LA 345 S5 A4 A5E AU 9 s [R] 11 2 o
iy 3% S B T 2% B (EPFL) (1) Afonin 1 Kari-
mireddy (2022 ) £ H 56 FBAZ 04 1] 15 7 B HE 22 DLl
PRI S A P AN KR S A 1 L DR 0 A T R TR
TR BPERE T R A
1.3.2 Ppla]4fE

I3 [ 4 380 7 20 X BB AR T 03, DR AR 98 5
FI LA TR E T 2 0 sl o 00 3 2o A5 e Y
PRl e R A 55 o

53 [ B34 PR K2 1 Ko 558 N (2018) # s 17 —F
TEN LA FHLV- 6 Z AR 23 TR B 28 I 28 4 3T 55
75 o AL 23 DX 28 B A, %of v 1] 22 ) HEAE 32
A1 9% , i SE IR R 1 RO R R W A R A
(1) RE KA A ikt , AT A 50 fige ke 17 3 A A 3L )
8 . Banitalebi-Dehkordi ¢ A (2021) $& 1 Bl [5] i1
Z o~ N TR RE Y8 I HEZE Auto-Splite X —HE Z2 X
NG AT GG 54k, I i G R 2= o3 v
¢ (bit-widths ) , BAT RUGF B2 e A2
TGP VG B2 H P 5 B K 2% 1) Pacheco 55 A
(2021) #£ T & 5 43 32 (expert side branches) [ )7
L 0 R E BB R HR A T IINSR, 3 1 X
PG e LR B M P s T I8 . Dai 55
AN (2021) N FRM 2 28 B R AR AIESE T IR o3 S A
AU i [R) 4 2 7 3%, & 113 T CINET (collaborative-
aware networks ) Z2F4 | JH: o v {1l 45 A0 4y i (<145 1Y)
— AN INTITAH O B DX, T 2 0 A5 25 % 322 PRI DX I
BT 32 P R G U IR HE LR G PR e . g K5
FFFIZR 7 B Madan 55 A\ (2021) £ 36 T 13-t
MR S HESE K S8 IR S BRI R )
SR B E AR YR 55 Sh AR, R A R MR E 1)

TCSHL, REHETE 73 A1 A2 AL Y PRI v 52 90 PR 35 7
ARGz Ak, FEE GRS BE AU Padmanabhan 55 A
(2021)WF5E 1 38 Y 5 I F S B G N A7 v B30
BRIy i 3 AR TVA A E 1 SR iy At = 3 )
JZ2 R G B 7R T = 58 MBS 5 T AT
0 AR A, S S R R R P I A R AR R
SO PR E e R Tk K221 Asadi il Goudarzi
(2024) 4 e TG Wi 7 v, A2 i E AR A
(7] A2 (A T30 28 T AN [ 1071, e A AL AR il 7 AU
THEFIPERE . I WA 2 JE RHE R 22 1Y Jiang
FN(2023) B9 = s T A ORI AR BRI Y 3
T, R B AE B 2 Transformer B Rt #% . 2=
Vil A i s, G e i 000 4 B 85 P T 90N R ROAR 25 1Y
FPHNC L, TRl B PRAF S8 A 1 22 3k B T T RIS B i )
5 00 265 1) SR S5 1 A B T8 Tt i = B Rl 3 5T
Y 6] P[] HE B BE
1.3.3  PhRMLA

TE SR R3S, B BB X L) 8 i 2 2R AT
55 BRI, AT s AL R () B R R R Bl R
55 RSN HTRE 0 B9 T B, A i X5 BB 1A (generative
agent) Ji{ Ry AR Y B[] JL R0 174 B EEAF S 4000

2 [ 30 N REIFFE BT AY Lin 45 A (2023 ) 4
H T SWIFTSAGE (swift and sage )3 — 487 ) 2E 1
BRERNELE , B AN ] T2 2R i A B U HE E R
TZHE S R WA OC SR LR 21 I SWIFT AR HASE L) P it
A e R GE 1T SAGE 5% e IS 4018 ST 285 11
e, an-F BAR LRI, X W8 HE i B R R T L
M 2RI BE ) R 58 U AR 55 . 5
S [FI IR, S5 P PR B TR Y Du 8 A (2023) R HI 2
B RER AR AAR T AR A 3 S (] 5 FNHE BE 7 THI
AIREST o AATTHAIE 73X Fh T AR T B — R REAR 1
52 By R R 7 v COnE BRAE A SR ) 0B
& K2 75 /R K241 Hamilton (2023 ) % 24~ P [ 58
T AR e Uy T Y R R AT T TS, LA
JE 2 A AR U T B 18 T S S AT AR
S5, IX SRR RE A2 7 v 1 Uy TH Ak 2L T RE
BLEIARF- o D[] 2 T B8 o 1 Fu 55 N (2023) MU
TSR AN KBS F AR 08 o A 47 R
NTERER B2z By T REME . 140156 [ Bom v i
KA B —FF B0 R K24 ) Wang 46 N (2023¢) 32
T A N3 3 T (solo performance prompting
SPP) J7 1 , F] FHBRAS R 5 A B S DA AT B [ 27

1519



1520

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 29,No. 6,Jun. 2024

i 2SR A A S5 25 A R PMER AT
% o USSR BN TE T AN B IR A AF LT L SPP
PR T O R A RN AR BRI A 4] A

i [ B2 H R BE Park 4F A (2023) # 1 T
ChoiceMates 24t , & 1EA A8 A5 | 5 2B BE 1K
Z BRI 3 o I FR G SRR BEAATE X 3 b R
N, FF T 2 9 R 58 R 4 s B RE AR D 4 AR
RS TR BEE S ISR AR AE B
LS G 3 3 AN W G PR PR o D AR BT AR
KAUST K241 Li % A (2023a) 51 A T —F BT A 64
Py A SRR L B R B B> T A 1
ORI s =2 N T = e 71 N e 8 P s Bl
REFH L 45 N (2023e) 2 H PR A B BB 1A (col-
laborative generative agents) J7 7 MetaAgents, i 1 f51
AR T 2 3 S AE 58 8 RE AR A PV O T R RE T .
Curai {8 B (1 Nair 55 A (2023) 51 AT 0] 0 3% 2
fE/AK (dialog-enabled resolving agents , DERA) , i i
X ik e phe m ek i R R R F AR S AT A5 TR RE
X7 EESR YA TR AE A v P RE T T ) SR T
F TR UK 27 9 Pham 25 A (2023) 42 Hi & T A
FETR B AR (] 3 A5 P, B RS BR 1A JC R AR, 11 3 i
Transformer it A9 8 A RFAE SEA TR (8] 52 B, %007
AEZ PRI 55 BRI P RE , Ay
b ST S Gtk S (R SV G 7

FEHAR NI 7 T, 28 [ RS K 2% 1) Zhao 55
A (2023a) 48 i} T [ AL &5 A B Bp [ 75 2 (robot col-
laboration, RoCo) , il & 2> K1l F B AL AT 4T 55 1)
WAL, A AT 5 LR, L 2 ML AN ]
RS R JE W AN LR W 25 A (2023) 2 Hi T
— TR ] 22 e AR 5 5 AR 22 U R A AL
MR IT R B I7 8 T & 18 RE AT Ay i FHAEZE
AutoGen , IZHEHE B AT 48— X G H2 1 3 g [ &2
PLE, AT T 7 R BRAR Y 22 B AEFIZ AL . Chen
A5 N (2023a) BF5E T T 1] 37 RO K ) 22 48 RE AR AR
20 o BN BE AR ey AT A2 A LR Ui R £
AN PN S A e Y S L N s W e (B
J2I7¥E K 2 AR IR R LAREAR AR Y < £ 5

T
2 ERMRER

PR R /N P [ A i P s R 3, T

3 ) DA J3E AR AR /NS R Ko R /N AL P ] 3 A4
AT LA L AR [ 3
2.1 EERER

H 2023 4 LAk, [ 7 KA AL 4N W I 4 54 T
M, 5180E N TR RERTEH AR & R IR . A
4, 22023 4F 10 H, [ 7 R BRI R R ol
100 4™, f 4% 38 FHEL i KR 5808wk (=T 4
il Bh 7 A T R
2. 1.1 KiEFHA

FE AR IE T 5 5 i A R R 7 T, F 3
NN N VRS ES P s BIUE - & N VS R G ]
AT BB B ST ) AR A | i N TR R AL
55 % B 5 A - W KB L T OpenAl A9 GPT F 1R
JF %, B2 BE# Baichuan AR B} KR
KON K AF T L T Meta 28 7] A LLaMA #5550 | 2%
H T 3T #5245 (decoder-only ) B 2K . A BE Y SC
O — 5 (Sun %, 2021) FlG A R 9 26 1 3 G £t 1)
o TE B GrAs AU rp 5 AHIR IS R A1 83 i
J7iE ST R R 4B RE ) o T AR RSE R AL
$& 38 i 5 B (general language model, GLM)
RYVELHRL (Du 55 ,2022) , 4545 BERT F1 GPT 9 {1t 4
ZRE) SR A RT3 25 4 SR TN 25T 55, [ B SR
e 2 A7 B 4 B R 455 — I 5 E A DL 4R THAR 7892 Ak,
AE o SLAY A N KOE SRR S HE B k2
e

FE AR TR [ 3 BC 0RO 1 N AT N Lt
H— RGN Tk . TR Lin 46 A (2021) 42
th P-tuning J5 75 B AT 2R 0 3 22 A PR i A 5 B8
B3N (5 BT DR 5 i A 2 AR DAREAIR
BHUR R R ARG E M. BEJS , Liu % A (2022¢)
2 P-tuning B9 20 R P-tuning v2, 3 15 75 N 2% ) £
JEINASE R DS S EO R PR . BT L P i
He 55 A\ (2021) XJ Hb T 38 e 25 S0 7 2% 0 KL Bl
J5 ik 45 2 WS e 2% B0R 1k A AR AE ] 2%
FRR PR R A,V N T RE 00 2K Y Zhang 55
A (2023¢) £ %F LLaMA B2 RUH 3G Bl g8, it 1752
A X ER G AR T B LS KB HE R T
LA & W 5 A LLaMA #8512 9 b i 5 e 3k
P, TR KA A ATH) Ding 55 A (2022b,2023)
ST T A X T R OB TR ) v 5 i O v L 4
HOBT I o 205 9 AT Ak B e 4 o 1) 1 3 4 s
— IS AR
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Table 2 Statistics of typical domestic large language models
FE RATAEEAY MU MEE S| SR/ B /T
ERNIE 3.0 2021 HEA T (SunfF,2021) ERElERIIEE T 10 4
ChatGLM-130B 2022 WERERE BN AL(Zeng % ,2022) i A 130 1
Baichuan-7B 2023 H)I#EfE(Yang % ,2023) fift it ds 7 1.2
InternL.M-20B 2023 LRATRESRE, BHAL TRPIAE, S S — AR o 20 2.3

& H K (InternLLM Team,2023)

2.1.2 ZAEZSRMIR

T T () BRARAT 55 1 [ 7 2 RS R R vh | Su 55
A (2020) 42 T # 66 F1 G 5 RRAE KR 19 VL-
BERT (visual-linguistic BERT) £ # | % #& & 5k H]
Transformer 2244 , H1 A J0 % 4]+ v g il o sk (4]
1B RS BR IX 38 (region of interest, Rol) , 18 12 T i
LI R A 5 3R] SR B X J 58 i VL-BERT A5 8L
W, @RS &) 8 Zhu A1 Yang (2020) £ HY Act-
BERT, 5k A Wi 2~ 75 258 AU A SCARAIE Y
G2 3 5 0 A AR JRy S A 0 1 B A A e T
AL HIILDE 5 TR Z A B SR o AR i IV S5 25 1Y)
Yao 5 N (2021a) 4 ti 4047 i 22 B A 5 — BRI
Il &k J5 3% FILIP (fine-grained interactive language-
image pre-training) , i b 5 45 25 1) S 199 52 AL ] 52
R A2 B X 55 B L LAY Lin 45 A (2021)
P Mo B, g BA 1 0001238 A 25 5 o
AT 55 8 KA Transformer B 1Y | 75 Z A~ T WiEAT 55
RIS o Gu A5 A (2022) Fy 8 T RHLRR IS 15 25
HSCEUE S Wukong, €075 T 1424 SCEMGR—SOA
X, Ay v SO RS AR AR ) I B AR S

T T8I [ £E ST 55 1 2 RS RS vh | i AR R
) Ding %5 A (2021) $& H 37 FF I CogView BI7Y | i 5
SR 5 DALL-E 28U 254 , 8 35 76 3 000 5418
Jo d 4 v SC— RGO BEA T I A A N 2k RS T
DALL-E I GAN SRS (G PERE . IO PHTF 5 e 1)
Wu %5 A (2022) #2144 4 NUWA (neural visual world
creation ) Y4 — Z BB YN Zr AL AL, % 1t T 3D
Transformer Zi i % — i A1 4 HEZE LUAL BHUR [R] B2 1Y
Bl IZAAY AT T2 T8 N 2 G B P ST 25
Yysco M AL HL R 2 1 Tao %5 A (2023) 42 1 GALIP
(generative adversarial CLIPs )#% | 254 1031 25 CLIP
AR A 5 190 £ 52 B SCAR 31 L4 118 P T 45
B

P58 — BRAFR AN A BT 55 07 1, vh R BE A 3l
PHFFE I A T 5 AR KA KA AR [a] i B4
5 RS B A A BRE 0, A I — SO —1R
SRR U R SR LSRN
(2023b) #2 4 Uni-Perceiver v2, ¥ KL 45 R 4 218
S FHE AN 3 AR R S 10 3 P DA, el HC e
AL T 1 38 ) AN RS M, BOE AR 55
G5 — (W e AL IR A T ) R, 38 3 0K 5 2 T 1 g X5
T 38 AT 55 0038 1
2.2 KRIREUNEIMY

] A RO B/ IN R A B R D T A — 2R 97 ik
Joe I ER R B, R T S BT RL  HEAAR 2R R
3D AT
2.2.1 HEAIIAL

VP 242 22 38 K °F B He 48 N (2017) 2 Hh 2k T
LASSO (least absolute shrinkage and selection opera-
tor) [ A A4 38 3 S 49 5 v, I 1 /N — e AR 58 Al
XA R M AT B B ET O AT 2 2
JERZ 57 3BT . SR, /5 K24 1) Luo 458 A
(2017 ) #2 it ThiNet (thin net) , B JE 5 #% B9 &L (7] @14
RO PLALIRE , I H AR 10 JZ DRI A BT R , 1 5
T 2R GETHE BT R . TEER A
Wang % A (2020) MR ABFFE T H #: N BEHLY) 46 1k
FRAS R v BT R AT A7 1, B R — ORI AT 4
MIREHRI YA Ty 1 o BIFOE 2 SRR W, Sl B HLA) 46 1k
PEAT B A RES 15 2 B Z AL R BT B A 1, Hoh A 4
TEVERE S AF AURERY . T3, AR BT RS Y Liu
A5 N (2022a) $2 H 3 ORI E 3 BT A i, 055
AT PSRRI LA i 455 R v ) J2 4 34 531 g
[l I F 58 1 R B BT R, il B BRITTAR
TR — 20 4 TR S P 2% ) PN R 2 B S T )
WFFE TR B o A BB RS ey S Ik T 2 REA 71
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2.2.2 AR

R 2 R K21 Yang %5 A (2019) #2411 T
— PRI A 7V A0 I R L IR 2t S
PR X — T AR R B O 2 BT A
s B AN R 1Y sigmoid PRELZH A 1 A% , A58 1Ak
P FR R AT RS2 2T Y o X AP AT
V2 A —Rhad g ok 05 58, LI AR R ALY i
et . R TR A Xu 55 N (2020b) IR R
FE T LT RS Y TR ATV o AR T
JRITRC BC A= FCas , 8 35 R ARl L M )1 st
TR 73 20 AR A5 B, SEBL T R JC
B4 & 4k (data-free quantization) , &y & L2t T —
FHTRYIRAS , B T A BB A . AR R
KB Lin 55 A (2023a) 42 H PD-Quant J7 i, R i
SR A ) A T R ) 2 ] ) 2 5 A R 1
ERASEL. [, PRS2 TR S A, LR
e/ A HERCE I A A DL TR, b R B L 25
N\ (2023f) WF 5% 1 7] 8 5 Transformer (visual Trans-
former, ViT) i il 25 J5 & fb (post-training quantiza-
tion) J7 7% RepQ-ViT, 1% J7 12 4 & Ak F1 4fE P o 72 g
LR T 52 2R i A AR T RS B SR Y A
et A RS 18 I A EOE AR R A e
TR SO S5 B S 3 A1 78 T i A )il 3k 2655
AT Rt — 2D P 1RO AR RE
2.2.3 IR

A ite SR AE A Xu 55N (2020a) $2 1 T —Fh 2k
T A M E o o B R K R 7 T& SSKD (self-
supervised knowledge distillation) , i & [ W5 & Il 2k
FOMACIY  fofr FCHE A P00 6, 35 B R RO . fEIX
ANT7 i B R EE S 1a] e R AR AR R Al Bl
FE55 , AT DL 35 1 0 R 2R IR A PERE . TRy
Chen 55 A (2020) #2 H} T —FPAELR MR ZRAR T 1k,
ZAALTRAT ORI SE B . 1 Sede AL TRAT Z ) 58 i
BERNZE TR, SRR R AT ) B il ey i — 20 2 48 D 20
GV T T EOM R R A RN R RO .
T SCR A 1 Chen 55 N (20212) WIIF5E 1 00T 44
R A 0 268 1) AN ) 2 200 34 e Bk 110 T 2, R )
ZO 0 45 T B AR SRR R W B 5 A T 28 A TR 2 AR AL
BERTZEMACE . B Zhao 57 A (2022) 2
A7 R DI 2848 77 DKD (decoupled knowledge dis-
tillation ) , K- MU RZE I 401 2 pR S 20 ik by AR
) X Tz AR B ARZE B A 2 2850 X ooz,

LR THIRIE R PR RE . m T R4 1) Li 55 A (2023h)
WF9E 7B T PRAR 2 ) B PR IR O ik, i I 5 3
MERYPRFE B, 1 X Bt 07 2008 4 o OC T 1R 1Y
RN | LU 2 A AR 2 B A (R IR RO
2.3 K/MERRE

] A A R/ INRE B P[] T T AL BT i 22 W 5T E
JE& , A1 DABIRRIIIN 225 | P[] 4 R P ) R0 ) 3 o 28 7Y
JETF o4
2.3.1  BrAEYIZR

b 5T R HL K A% Y Ding %58 A (2022a) $2 1 —Fl =
HOFERESE , HorpFE R 55 A% B s T — k)2
ANEERY TS AP A TA IR 55, [ I 7 2 IR 55 4
EERE T AR, T U B g SRS DL 4
 HPERE . BT HLEL EL Y Yao 55 A (2021a) fifi T2
>J 1) MetaPatch J7 ¥ 75 3¢ # 3 52 B 1 1AL A A6 2
Az G, R 2 S S AL PR A BE RS Al Tae
& i T MoMoDistill J7 % , 1F 2 St (i I B 7% 18 , i
MBS B BRI AL . SR TESE 1%
HE ZRAE 2 i 05 4 o 4 A 801 L e ) R FE A G
P J7 TG . A A YE K 5 B Chen 55 A
(2021b) # H —Fh kT8 27 > — Py ) (slow-fast) B
il H 8% B — 2 BRI O ik o AR SR B8 E AR
W 2 v 455 1 TN % ) v A5 18 43 3] WA A 1 2 P2
8B SE TSI PR T T P 2GR fE
T HEAZ R AE Y Yan 5 A (2022) 46 H 45T A 1 1 7
T 1 3 = B [A] 7 2] HE 28 (model personalization
domain adaptation , MPDA ) , M\ 7= ity 14 4 Jy 5040 b
K 5 5 P A L BE SE AR REAS | DA
FH P A BSOS, 6 ST R
% 1Y Shao 55 A (2022) 4 th & T = — L WMERY HL )
WK 0 37 SR FIAIL ], SCH SR 37 B A B i i Rk
WA R 5 m G A R TR Ak 3 A 38 A
RN GRS ] [8] I B2 2 %0 2 3 2537 5t 0 B AL AL iy
i NPE . TR B9 Li 46N (2023g) £ i 3 2 i I7)
AL 3 HE 2 (edge-cloud collaborative knowledge
transfer, ECCT) , F| FH i1 Z 45 fE 7 = ()RR AE 38 2oF
L EL AL i AR S0 322 5 52 I PP 2 22 ] 8 0 [ T TR
il o Lyu 58 A (2023) ff % 4 % 2% (HyperNetwork )
AR SRR 78 2 AR 28 2 UM 2%, (i A5 s A L TIE 5
P e el e e ) 2= WO [ RS  € 7
KRB ] LIRS RE TE 4702 Ak B I A s 43 A 1Y)
RRAIZA, DA 8 Jl RS P S A5 2 1 3 7
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2.3.2  DplalHfERE

HHERAEIY L N (2018) 42t T —Fh Ik G 4
JEE TR A2 R JER T B FRA TAE B2 3 3 TR B b 25 ) 4% i
A H— T TE A g BishT, 51— TEfe 5t
BT, R B T HER A, KR T
KA Xu %8 N (2021) N2 R AT PR FIOLA 45
BEML S A AR FETF 2% 20 19 2 25 M B 1 45 A e 1 28
FIEIR T3 5 K PR B2 b s /0 7% 3 i 55 Al = R R g
FE,IF R RAL T ARV B AT SR AR, SR )
RV = ORI o b SE 3 DR A4 Y Niu 55 A (2020)
& L0 R KB A A TR 53 J7 vk Al A Lo KA
et LA i AR A0 BT 0T 1 A R AT, BT 2 i
D)2 2 2 A, DT P 50 X s A R ARl L B v T
K/NEERI R [F] 27 3 50% . Zhu 55 A (2023b) %11 T
— it 0 B /IS R 2 0 2 A5 2 RS 8 P ) 2
STHEZR 3 5o ) 2 o B AR Y 2 i N K A T 4
B ANAEZE A BT BN AR BBERARAE , DL B =
MBS HER

TERGT-6 210, Wi R B B P 1158
R AE A NG VR 2 T i A 55 0 B
FZ AT I 19 7k 92 0 = P [) 4 BE T35 R 48 Walle
(Lyu5,2022) , ] T HZ 1 i A2 00 3R 4 i) 22
SR, B SRR T30 2R B ] 1 300 2 A
1551 K 1 000 AZ R o IZ I MUR SCH#E T LA
iy L O A R AT R R RE ML G S g
P R) R RE P Mk W T, BT J 3 1Y 28 U A% s AL 23
L ETE
2.3.3  BhlaHLA

K2 1Y Liang 55 A (2023) $2 H 24~ KAS Y
B BE A 2Z 18] /Y #E 16 (multi-agent debate, MAD ) fEZE
B TE WO B R HUB A A gz i A s R ]
AE I AR f ] & . Chan 58 A (2023) F & T
Z B He R # H] ChatEval (chat evaluators) , % & 48 T
T A EVHE AP BAI AL e s 5 A Tl 5]
AR5 TN G UM T . IR R, e R g
PR ZFEAL AR €8 L) K AN TR] 1) 38 SR X T i e 1y o
T HAEEE Y, BRE T KA Xiong =N
(2023) iR T AN ERZ A KR H BB Z (8] A A —3
(), If 4t T — R — AR HESE . IXMELL B AE
3R R IR 5 A 2 R A B — Bk, T B2 T
BRI AE LR R ) o @k 5] ABRE  PFFEA
GO B AN — B [P , (f 75 28 22 H) g

sy
2=
o>

B —SCHb AR P, B AR AL A LA M g

A6 B FEL R 27 % Hao 55 A (2023) 42 i T —Fhfr
[ ChatLLM P28 R, SR iF 223 F X 05 1 1E 5 A
R TACH. ARt BT AL R B TR e AT
) B RE ST o XA e B U vk A B TR AL 2 [
L[] 2 2], DT B8 4 i BHL A R AL B AT (R 4 55 v
B2 R K2E 19 Chen 55 A (2023a) 47 T KA Y
BB R ZE O R MBS , ff ] GPT-4 B8 A1) 2 i
P, Horh P R A R BB Z M 52 5, Ry
PR R R A Z 1) AR AR AR A T — b %
i Zhao % N (2023b) N8I & AN ) f (A 1 &
K IR ER IR R e . wn RO ek
REGASTTWAL, Dh— B b [A] i 7 =2 58 1 3 A AT
%5 o X —WFFEIE L A O E R R SRR T 24>
BReRZ B Ll AR B

JUHT K24 Chen %5 A (2023b) $2 H T8 fiEiA Y
H a4 BUAHEZE AutoAgents, X —HEZL HAG R AL 55
WA B A O PR 20 il Ak L 58 e A S i
AT 55 WA frt e 7 ZE R o X RO Bk A AR B 1E T
i AR AR ELAAAT: 55 10 2 SR A R S 1R R AR, DTG
AR T TR AR BORHEEE 8 ), fiff L 3 v &2
T AT S5 o WK FE Lin 55 A (2024) f T K
A REAR Bh 25 méﬁ(dynamic LLM-agent network ,
DyLAN)HESL 32 HE 4L (1) SCHERE v 72 T AUV R iA
TESNA A b T 28580, IR T AR B R
AR B PE F =ML AR EIMERCR

3 ERIMARERILE

3.1 BEERER

B AR RBEAAH OC B AZ O F AR T 22 iy [
RH TS, UHAEFET Transformer BRI ZEA T W
BN ESHCE RO A . i, 58
FE 25 2 B 2 Y Transformer ZE 44 R T HE At 8 T39I
)7, S )n & A6 BERT . Switch Transformer £l Pal.M
YNGR RBAL . SEE OpenAl A A FF & T 3T
Transformer 2 1% #5 ) GPT 2244 , J¢ J5 & 4ii GPT &4
BERL, Ju HJE H: ChatGPT 7 i B i s 1 die pReak 5]
VA& PRI

] PN T 5 ) AP RS AR 3 A 1 ] B, A
BB Bilan, A K454 BERT # GPT 1AL 3 48
i, 42 3 RO S AR GLML, I A B b YR I 2k
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FBEAY, Ba] B B | B0 AN T BE S8 = A AR R
=26 [ P P AR HE 22 P Al B A R B A R
Bio HEARIRE ARG 3 0 KA R R K AR
BTG g SR OC R S8R UE B A BB AL T
P TSR i SR B RE L AE RN AR T .

LT EA, BN F R RE T FER
A M 5 AN FH 7 55, DR T A 1 R S 78 1) it
il 7 T ELA 2 i, A Sk RS i S 56 % K
AR T H G RAERL, Wi R LA 2
N e b R R N I R S N
PR T SRR KRR AR AR KA & A T
] BRAEEFE () EmoGPT ., A4S [ = B R A - F#F
B [ MR KRR (U0 GPT-4) A1 A — & 2285, (A 78
e AU O PR IR, B T T Kk SR A
3.2 KIEEUNEMY

AL /NI 1 S A BT R 328 e [ A 9%
NG 3R ERMIE A DL AE AR & R b B o i s
TEZEEL, HITEI0FE RS B Aok vE, E
PN FE AR AR B A Al TR 2 AR IR R AR, W 5
T A SR R g B B BEPLY) R A oY
e H 590 SRR T B A S 22 T D [ A DU R A
HE A 3T P AR A 3 Ao 7 B T 0 T ARE A 1 A R
40, 2015 4F 3¢ [E B 3548 K 2% 1) Han 58 A (2015) 4
HRAE IR B A AR T I P AE ST N B DU AE AR S
Wi 4R T IR R o (R 7 T 22 AR/ ,
0 P A LT [ B JR e %ok DR 75 A 78 1 B A T
Yo FERAS AR 5 1, B AMITF 5 3 3 i I 25 J
AR A BRI 5 A B T JRAF ST, B S TR
W0 i % o e Ak R B A M 7R BRI S5 i . 4
HH T AT GRCIE Z P l  eR SC AR RE R E AL 1 T
B 4k )5 ¥ . PD-Quant 75 ¥ DL K T 7] # 52 Trans-
former ) RepQ-ViT J7 ik . X 4E75 0k B v i f Ak 1Y 38
FH I ALY () P B L 7 1 X6 L 3E Transformer 55
B2 R AL R R R . AE AR R Oy inn, B 4b
HRPE T T X0 BT RE AL O RGN
FEIR A AT T L B R R s A
2 o) URBRAE S FNAE L2 2 B H R ik — 25 5T
PRI A BE

SR B ANE KRB RN A R T A
2R RS S B AR AR, T — R I &
HLS 5 071k . TS AE o S mh , ) Py R e J I
B4R SR ARIEGE , AW I USR5

PERE , T BIFIE 5 v B B i S F A o
3.3 #HEAKX

B 2 /IS P ) B AR T RE 7l ] P 4b
O AZ DT WS o AR DN EIIN RO i 1 A e
P2 T TR E 2T B EMA] 2 > 05 3 DU BRRA Y
75 2 DB G IR () AL, I oA 7 S A 1 b 5 4
WL TR ) MERIZE R S (a3 2585
SEIAR/ T Z [ AR AE R . [FIE, AN &
WER T — ZR 5 2 M AR 5 s 0]/ NS 7R B ) 1 5
28, ] A a) R 208 7 vk SN [R5 A A 1Y)
RAEEE BESY R E o T R RE S 2 D ik AR AR
AR RF S R . AT T OG5 PR AR
SRS PR S Bh A A G N 5 oK o A PR HE 2 7
187, FE RIS 322 TR ALY A SR 53 AR b2
> RGBS Dy T R o, i R Rz B
F% 1 TR 3l N S oK o PN DGR S
I 07 P H D i S [ 5T, 300 Ao A 5 A 2 A 4 P O 2%
SR AR X% HRAR , R A 5 1 XA A 10 ) s
R RS AL SR [ AR (R o Oy i o (HAS
& R TR A N FH O T A AE S 3,
Wk RGOV OME T ] LR M2 51700
G R/ PR R RETHIE R G BRI R L
TS 0 U . BT AR [ DI )RS 2 — o 2%
(RS RSB 7 2, A 10 o [ A0 2 A ST AT 5 [
PR PR O R TR A B AT
AR RE AR e B AR S X
{2 ZE UME L 5 11 FHHE 22 U0 MetaAgents . AutoGen .
SWIFTSAGE, AW X & 444E: 55 . B N A9 i 55 2
BB ARS AV Sk R — B e
K F BIASRGE R 5 T A5 245, b KA R 2
(1] () PR R RS AL T Z2 R B 1% o

AR, H HTE P AE /N B [ 3w T
Qb TS i KV 0 AR K/ I i [R] R R 7 T E A
BRsa g S i b, ENAE A6 Ty T 2 B
PR AEFE DA M B R B 5 R Oy T [ [ AR ke
AP — 8 B 2200

4 ZREBSRE
A R R I VR 27 5 R TE 765

R N T8 AR USRI I 1) FL RS , DAL A% 27 >3
A — ZR 9 B, il N T R R S it 1
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KMEER A EH U B AR TR

—FPE T B BEE RABARLINEME B AR (Y & i i
4k BREE 7 BT, /N RLRS: LR R A5 A e 2 Ty =X
52 B A P AR AT 55, /B RY B[] 12 AR
KA AES Tl 0 FH A T 2R 4%

PN X N B e 5 NI WD <20 J (S
Bl Gartner =738 28 7] L Ba] HL 5 PR e | E N 4R
P AR T Sy R R RE TS S R
R R BT R AT M B FH I S, 3% R 3k T AE 5E
PR WA R RAETE IR T S5t
T B it R H

YT R A R R SR F Transformer 2244 |, SR 1%
HRR R B AT 2 A H M A2 BN AR
BRI, A7 76 30 5 R A Pk K o OB B — A H v
0] Ry A — AR A B0 | ZE A4 B Transformer il 25
FEATVE R R 7 A AR A A A i ] bsf S BRI A O
JEHEFE (Sun 55 ,2024) o 53 AN R 10K BE LAk
ST 5T 45 (Chen 25 ,2023d) . 5 1t 5] s 4] 5
THHT R IR & & KB RIAEH | i — 20 32 T 2 S0k
L TR ] 3 % ( Dehghani 25 ,2023) , 521 B
A5 da A Y il 4 (Zhang %5 , 2023a; Huang %5, 2023 ) )
fife LI 30 AT 55, 0 L P A AR IR BB A 7 b g FH A
PS8

UL ORI /N TR A A T ) B AER  T
XS B S KB R R M AR TRA . BT
FEALFE WaT 78 /N AR ) B A5 3500 B HE R ST
BAERE 454 B FIMPLEE ) (Zhu %5 ,2023a; Gu 5,
2023), /NERMEER 2408 T 2 50 0, mi el {
b BTN v DA K AnAn] X B9 A Ak ZE AR %
FAR B BA VoA AR A B ZF 5 5 1) .

PN R B & N HES R ok S B AN R TN
MR TR e S 1 o A B RS TR 2R R AR P ) 9 ) 45
D7 I ETT o AR AR EL A 7 T, BT ARG A X S A A
TIP3 ) 1 PR WL EE () 5 R (Daga %6, 2023) A SRIB S
ol AR AR R 1 A B AR A HE 2R (Zha 5
2023b) . TEAS HUARFRY 3 8 Ty 1T, O ik 2 Se A
AT A A AL R T T A AR N T REAE 42
T REAR A P AR T A & 5] T (Ruiz 45
2023). fEAE BB E IR i, e — A E
J5 1) SR TR B A ] BIMVERE A8 K R 45t 5 12 ARG I
Xof 52 2% (] A IR DR O e

H A AR AR TE 3 6 A P 2 A T R A5 1 56
R, KA RY 5/ MEERY TG BN 25 0] RE AL 7 1 A sl

Btk N 2%, e 4l H 35 . PR SE nl {5 1Y
A BRIV TR AT ok E B S A A, AR 1 < £
B " KGI HE A (Rawte 25,2023 ; Manakul %5 ,2023) .4
BN 25 K6 (Wang 25, 2021 ; Mitchell 25,2023 ; 5293
FF % ,2023; Zhou % ,2023) S 5T U5 0 . [AIEE, AT
B REAL R AEAE AR AR Tt (R R A
420235 Wei 2, 2023b; Wang 25 , 2023a) . K H 1
“HRk 05 7 (ailbreaking attacks) (Zou 45, 2023 ; Tian
4 ,2023; Qi %, 2023)  FE 5 EE B (Gouissem 5
2023; Wei 45 ,2023a) 45 22 Fp Yoy =X, B A 5% 1
] Al 2 A Y ) 28 4 5 1 7 A AR R (Jain 45
2023; Xie 54,2023 W R A B S H A

5 & &

RIS B 2 P [ P A i i e AR i
225 5 B B BEROR T o AR AT RASE L /)
R IR/ R IR S5 DG BRI ST D7 Th] , ELAT i ] S f
P AT R B B FALE A A, AR
NTEREARK K R LT ). BB — U
B BEMR IR R IR | N A AT (S SR S AR ST ST
HERE , T RLTRIL , R/ ISR P [ R A F AR 718 e AL
R AT A TR REAE

B O ALHFTEARZEANZFFARTRER
S AEmELERASULRES B HZ2MEA
https://www.csig.org.cn/16/201612/49316.html
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