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Abstract: Generative foundation models are facilitating significant transformations in the field of artificial intelligence.

They demonstrate general artificial intelligence in diverse research fields, including natural language processing, multi-

75 B H#A :2024-01-09; & [E] H #5: 2024-02-23 ; T ER 5 H #§ : 2024-03-01

#* BISEE 2 € wufei@zju.edu.cn

EEWA A — A T G E R R E KL 1(20222D0119100) 5 |5 AR FH¥ 5 4: 191 H (62037001, 62441605 ) 5 WivLAA R 1145 H
(2022C01044) ; ERPL2ELGIH (W)

Supported by: National Science and Technology Major Project (2022ZD 0119100) ; National Natural Science Foundation of China (62037001,
62441605) ; Program of Zhejiang Province Science and Technology (2022C01044)



1511
FokE, LM, KEF, RM, M, FEE, S&T, FE, BRE, RF
§£29% /€ 681 /2024 6 A KANE B uf = 8] AL B R i3 R

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 conirast, 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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1.1 BRI

B JE R AL SR A K S HOAL (e +12)
) — S TR B 25 (O 2R A Y T ot A RS B 4 2 |
IR, AR TE RG22 A4 PR el AR
JCARE T, FFHZASE Y TC e s /0 ol B AT i 7
U EAT S5 o AR AL BRAECHE A [m] , LA ) e R
EEIE PN S IEZ Loy Rt
L1 RifEHA

Kl H A (large language model , LLM ) DA SCAS
AL TR G, SRR IO DL g BN 2 50 15 55
ZMIIRE. FESMERTE 5 R AL 1 BT — R 5

FCHESE , T T AR R ZAe TR 2505 0 A e 25
SRR TN L i 4

DU EITES P ES D e SN I PN G = RIS NS S
Transformer 244 , HH 2% 52N 7] T 2017 4F #2 H (Vas-
wani %,2017) . Transformer ZEFHGRZ 0 B = T
BLI , 38 12 X i AT G (token ) J3 F1 AFAIE (1] 9 55 FR $
VEIT 30 Ry AR R | 1 ) A X 7 91 4
AEASOIMACR FNAE S HARAE , AP 42 Jm B SCfR
B o PRIER Transformer JE44 2R FH bt £ — i ith 2 22
L B 2 (a) B s, He o g 00 500 2 2% th 21
Transformer B4 B, HAZCFRAE A A = 10U,
W 2(b) fir7R o BT Transformer 2444 1) K 5 HE
RUA] 53R 328 H T i 245 2 (encoder-only ) (5T
i i 25 A5 78 (decoder-only ) FllJE F 4 5 25— i 2%
IR A 1A (encoder-decoder) . Google 2y F] ] Devlin
S N (2018) #£ i T BERT (bidirectional encoder rep-
resentation from Transformers ) FE %Y | b 1 AN T 4 i)
A I RIE F AL, Meta A A (19 Liu 55 A (2019)
$& i RoBERTa #6181, 5 BERT K FHAHIRI 4844 , {H Bl ik
TR TR, OpenAl ) Radford 25 A (2018) 42
Hh B T A A5 A B GPT BERL, O ) £ Chat-
GPT SR R JF A B9 JAitl . 45 W2 A1 19 Chowdhery
2 N (2023) I H H: Pathway 0 A I GRFEARTF& T
PalLM (pathways language model) #<71 , Meta 2\ ] A%
Touvron ZF A (2023) 32 1 3 T LLaMA ( large lan-
guage model meta AD)BEARY 75 I T G i 45— i) 45
SRAYR R, LR S 45 R 2% R TS5 A (Raffel
45%,2020) Fll Meta 23 7] ) BART (bidirectional and auto-
regressive Transformers ) £ 7 (Lewis %5, 2020) . HL7Y

K2 Transformer BB ZEH K 5 13 25 F AL

Fig. 2 Architecture of Transformer and self-attention mechanism ( (a) Transformer architecture; (b) self-attention mechanism)

1513



1514

PEEREF R

JOURNAL OF IMAGE AND GRAPHICS

Vol. 29,No. 6,Jun. 2024

SN SR GTHE R ANR 1 s, SIS,
A SR SRR LU R T R P B, A A
] ) Shazeer 55 A (2017) 5 1R & & % R 5E MoE (mix-
ture of experts) EUH (Jacobs 55, 1991) 5 | A H AK1H 5 Ak
FOF 4 R B AL T T IR & % &K &R 4t (sparsely-gated
MokE) , it b TN Lo 5 TR S B JUASE T-

®1 ESMEBKIE

PHG IR L R TR BRR A S E AE
7% o Lepikhin % A (2020) # H} Gshard (giant models
sharding) J5 %, T UCK A B [ 145 M 2% H1 T Transformer
I . Swiich Transformer (Fedus 25, 2022 ) 4k 25 Wi
A& Mo [ 14 (1 265 , BIVAE AT A~ L R TR, A
M BE—2EHE Tt Transformer Z245 A] 3 2 GE 17 .

BEBSGIHERR

=1

Table 1 Statistics of typical foreign large language models

A RATAEAR HU(TEE) LA B BB i
T5-11B 2019 45 HK (Raffel % ,2020) it as—Arit o 11 1 TB
GPT-3 2020 OpenAl(Brown %,2020) fifetth 2 175 300 B
Pal.M 2022 247K (Chowdhery % ,2023) it % 540 780 B
OPT-175B 2022 Meta(Zhang % ,2022) it as 175 180 B
BLOOM-176B 2022 BigScience(BigScience Workshop,2022) ffih 2% 176 366 B
LLaMA-65B 2023 Meta(Touvron % ,2023) Tt g 65 1.4TB

)WL Tk RIE T BEARLE R G I il
207 20, LIARHUE S I A, BT+ | 255 5 11 3
FHE SCHR AR o A R FT o 3 2B SRR X 1 3 o 9
YN Tk o T Ynh e i RTE 5 A8 58 R R
155 B (masked language modeling, MIM) T, &
S6 B ML P — 2 Lb A5 9 i A T4 FH [MASK /R 8%
e, 5 A B SOF B KA [ MASK & F4F
B PR, SE i eI A 55 . AT MM J5 =X
TR ZR AR S 5 T SORBRARAT 55 . 72 SRR
HAEE T BERTHEHY (Devlin 25,2018) \RoBERTa i
Y (Liu 5% , 2019) Fil ALBERTA (a lite BERT) i %Y
(Lan 45, 2019) R HIZ L Wil 25 5 i, Ho P 78 BERT
BEARY A F Y 2R ik 51 A T —a) Ll (next sen-
tence prediction, NSP) £ 55 . & T 5 845 019 KRG &
LAY F [E (autoregressive ) 1 5 #4517 =0, /)
B EM AT, e RAL T — 8] o A IO =, B
T AR AT S5 . EAME T & H SRR 2 R
H B EEHFNZR 7%, 40 GPT R 51 PaLM ALY |
LLaMA B SE . S Fomidan— iR & 45 m
BLRLR F Y 81 217 51 (sequence-to-sequence ) HEAR J7
A RlE T TR 2507 =, BEVLE R — B A Ty
G, E R 3 By 2 P 2 AR MR
TR TS B A BART B

3)IEFLIEOE . I B AR T I
ST i 2 X R SR A S5 1 TR DRI A A

AR H A L S 45 1 5T 5K, A3k T I LLaMA
KA R R HH AL I 2R A 2 B U A
R, i T ORBRI S8 B, 4 i S RO T i 5
T3 A v AR L[] A5 [, PR I A 0 R A 1Y)
I 3 T 7 2 R R r%%(ﬁ;‘ﬁﬁ(lﬁ (parameter—
efficient fine-tuning, PEFT) J7 =, B3 o 94 45 /b &
MR Z R S 2 R SRR AR I MERE . Ak
Y] Houlsby %% A (2019) & ¥k & 5 i Wi #% f o4
(adapter tuning) 77 1% , B B AT 0 2 000 i C %
BB, R o A Z I ZR AR . BOURER BB,
SE SR ISR RY S RO A | T HA /D 7 4 11 3
Te s A5 R AT S5 B v 80T o BB ) Hu SN
(2022) $2 H IR B FL (low-rank adaptation, LoRA) 7
V5, BT 55 16 G rP A R AR AR e O AR X — iR
B, TETYI SRR AL 1Y 55 2 5 | AT YA AR AR R,
TR ] it Ry — W AR 2E AN — T AR RE R (1 e
JiFASE R AT o 5 T A P 22 I S ) s S 2 AL
AR . 35 E AL IR W TR % 19 Zhang 55 A
(2023b) #2 1 A & MR RIS I (AdaLoRA) 5% , 2R H
AT S 7 200 55 T U 50 ME S Bufk , A
BAEARFF B TOAR S FE, s . 55 23K
T PC GO 7 v SR S5 M m R A o SE T AR
KB Li Al Liang (2021) $2 H 717 28 5008 (prefix tun-
ing) J7 V5 , 15 A 91 Fi S AT 55 FH 5C A4 R 48R T
(virtual tokens )/ R HTEE , S0 By Be A B 26



FokE, LM, KEF, RM, M, FEE, S&T, FE, BRE, RF

$20% /5 6H /2024 £ 6 B

KANE B uf = 8] AL B R i3 R

THISE AW Lester 58 A (2021) #8 H $E 7R T
(prompt tuning)j:ﬂf , BIMSCEE S AT 55 FH 5 1Y
YNGR A, AT FT B0 7 vk iy e 20
OpenAl [f) Ouyang 55 A (2022 ) # Hi 48 4 S0 Oy A
P KT BRI A N 2848 2 S8 AR 55  TE AR
S IE T BA BRIz AR T, Rl 2o i Ak~ > A
2 K % (reinforcement learning human feedback,
RLHF) 75 0SB 5 N 28 i 4 ) 5
112 RSB

R RIS SCAS R AN & 455 %
RS AR R, 38 5 0 22 b B A2 AR BB 5 DI R S B R
R Y (1% B A A TR 5 A o AR AT 55 0 B O T
ZRAS KRN AT 32y 328 T[] BRARAT: 55 10 A28
RAEHY T ) A AT 55 18 2 A5 285 RS B M 42— PRl
PENREE AN FOYN L

T 7] B AT 55 19 22 B0 38 R BE B SR ) ik T
Transformer 2244, TEHRRFAE 25 [0 6] 55 AN B ) R 35 o
A% A Sun 45 N (2019) 42 i VideoBERT £ 51, s
BERT HE 224" & 28 SCAC R 22 B 25 K080, >R ] 11
DS A T 2507 2 o] —F IR G MR A . 56
PeiB B TR 1Y Lu 7 A (2019b) 42 i VILBERT £
B SR FH Wk 37 G A i 00 265 73 31 88 RS AS Ak A (5]
PGAFRAE , I3 2o S [R/] 7 22 7 (co-attention) J2 i 2 15
AAZH. . OpenAl i) Radford %5 A (2021) $& Hi X} HiE
7 — M I 25k (contrastive language-image pretrain-
ing, CLIP) BB . 4018 3 f 7, CLIP BB B S i 5S¢
AR Y i 5 (text encoder) Al K 15 %5 5 #% (image
encoder) 73 | X SCA — UGS S AR AR S 75, Bl /S
XF 4R IR —SCAR XS B0 L2 ) Bl i R AR IE #E
AARBLEE CHEFEXS F A B e 3R [l i e /M T RE A
ARARLRE CHRE B F R A7 B TR ), T4 T SCAFI
R FRHIE R IR A S | BT 22 R IETE AR A BRIR R
SRS EARIL R KRIZALRE ) .

T i) A JIAE 95 8 22285 IR R L SCAS R 7 Dy i
A RGP AR S 2 o OpenAl HY
Ramesh 55 A (2021) # H} DALL-E BL7] | 27457 3L T
4 B Y 5 2% (variational autoencoder, VAE) Fl
Transformer 4244 , RV F i 15 21 UG 09 2 B =
] 235, M A 5 27 ~ SCAR B MR G 2R
I J i 32 CLIP AR HY e 49 o d e A 9 2B UFEAS . B
J&i , Ramesh 55 A (2021) 42 i DALL-E2 #5878 | %5 7
FI U CLIP A8 52 3 R SO — Btk [R5 T4 1

3 BETXFEEAE 2T ) CLIP A5 (Radford 45 ,2021)
Fig. 3 Illustration of CLIP model based on contrastive
learning (Radford et al. , 2021)

178 (diffusion model) (Ho 55, 2020 ) ff it # 44 PG 4ix
A (embedding) 2 S BA% . A B Saharia 28 A
(2022) 7E [A] i BA 45 ) Imagen B39, % 30058 FH 9 F)I1
SRRIE B (N TS BEAY) Xof D) SCAE (8] 2 B AR A
AHEEAER . RGBS I 2 B
J# , Rombach 45 A (2022) #2 t Bt % 5] 47 i 452 5
(latent diffusion model, LDM ) , | F VAE #5571 () 25 fith
b R 2R AR AR B 25 ), 7R 12028 (8] 8 ) #d
PRI It VAE Y i Bt 2 WSS [l 45 s ], Horp SO
SE(E BAE AR AR A 2 HUSAL

55 3 28 AL R R ) G — PR A AN A= AT 55
5 [ % 8RR K 2 (9 Zhou 4% A (2020) 42 i) VLP
(vision-language pre-training ) £ 7 | 5% FH XF 4 i 7 11
fift & 2 )2 Transformer Z 8L 21 7 AL A ¢
—, [ ) B P A 2 RS 3R0 IR e L iR =
PRI B 55 TR UG S i de A VERE . Sales-
force 23 F 4 Li 55 N (2022a) $2 i BLIP (bootstrapping
language-image pre-training) 152 %1 , 1% 452 21 F1| H g 7
AR AR A A X — RAE 454, 8 i SCAR 5
XiF R b2y 2T I SCUE TR LA R 55 A SCAS A il 45 =X
SIS ARG A . BLIP-2 A8 (Li 45 ,2023c)
W38 3 Q-former A5 RLKE BRASEZS TN 240 5 A5 2L A
R F R FR K, I IR AL 55 ~) R A 1oy >
Wy B g AT R I 25, 12 2 2R 1 5 A 55 Th R R
R
1.2 KREBEUNERME

TRBE 7 > BRI FUASE 52 I P A Ak ke 34, Herp—
A A A RS T 1) & 5 i 2 — T A )
Ii) 3 A A /L 5 16) 2 Jig (Yao 2, 2023) o {E)
BRI i 2 DR ) S5 3 5T /B RE PRHC IR AR 12 53

1515



1516

PEEREF R

JOURNAL OF IMAGE AND GRAPHICS

Vol. 29,No. 6,Jun. 2024

A ST PR B T 52 S o AR TR 3] /M AR
— AP TT A — IRl R R AR BT RL L
SFERAE X KRB R AT R4 5 73— Il i R AR 1

J7 15 W AR HY (R R AT 33 22 0 37 /NVBE AR (Gou 55
2021) , Gl B /BRI 25 $ETFHAMERE . KA/ NAY
AL BN R TR AN 4 7

B4 RAR N AL SR %

Fig. 4 Typical methods in model compression ((a) model pruning; (b) model quantization; (c) knowledge distillation)
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SEIR . KRB 2 5 B R A 58 BE 1Y Frantar Fl
Alistarh (2023) #2 11 SparseGPT 35 B 77 ¥ , ¥ £ *f
GPT Z2 G ALY 1) 5 AL A5 Ay i S RRASE Ay 7 i [l U [
RO ETC R PRI TEREARUPE BEIL - AN AR IR AT B8
B 509% LA I AT S50, X 2B RBIRY, Sung
A5 N (2023) $iE H < ML S KE 7 (coarse-to-fine ) 1Y T [y
BCoy A Ty 1, R — B B 3 (L S 400 4 Ry i Bk

B, LAY 7 200 2 RS KRR 2 Mg AL, &
RS RO e
BEA AL SR VR W RS BRASE TR rb 1 22 ) 24 il
BOEASH o A L T ARG M AL BT, A AL BT R Ty
VS AR R (B AERE A e - ROR G,
ENIORCEREE2I) P NY S PSS S ey N S PN
(2017 ) $5& 3 — U B A RA P I 5 SR s LA BR AN ¢
ZIN P U D A 2H o i I RS B T A B Y Li AR N
(2022¢) 73T fig A 1 2 T REALIE R 19 5T A T5 3 A
i 5 1 2830 B o BTN 52 R ) Ma 55
(2023a) 4 i1} LLM-Pruner J5 ¥ , 1% 5 IR A B0 B0 JEE 5
S EPEIE ML BR AR SC S A5 1 | iU B A R A
RIS AL B RO ik
1.2.2 HAEA
REAY i Al 2K 7 i B A A B ALY
—ZRBOR RIS BRI S R AR 4R 280, Rl
REAR A7 R K SR THHE BRI B . B X i AL VR ok
AT EPEREAR G , BB AL WIF T 78 R R R i 2 =
B ) I DR PR REAR 2 o AR 1k R 2R B B
6], BLAT J7 ¥ vl 23 o W R 2 Il 2k 05 i AL (post-
training quantization, PTQ) F1 & & J& A1 JIl 2% (quanti-

zation- aware training, QAT) .
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DG a1k, 56 4125 K 2% 1Y Denton 55 A
(2014)WF5E 1 4 BRI AR 548, ) FH 66 B2 0 A 1
Dy X A 4R B . Facebook Y Gong %5 A
(2015) #2 i 3 7 %% & 15 1k (vector quantization) [ J5
%, 878 T k-means 5 28 J5 VA 7R A AL & Ak B A &K
Pk o Banner 2 A (2019) 1 & 1 & A~ i fi K L
(4- Lo ) S AL 52 785 48 1 T 3R ROIE ALy
i Ay R MR 38 T8 BUARE O3 S5 ORI o 6 B RRAS
FET K249 Xiao 48 A (2023) £ X6 K iF 75 A AL 5 b
IHREAE ST () B HEAE AR (Dettmers 45 A, 2022) 2
i SmoothQuant J5 3% , 8 A3 18 18 REE AR X A 30
TE R P RSO3 L DT 2 TR A

2) EALRFNIN SR . A Y Jacob 45 A (2018) 78
R 8 I ) 11 2 b 2% B A8 22 AR AR A A 1Y
#E B ok 72 o Facebook MY Stock &5 A (2022) #2
Quant-Noise J5 1% , 1% 77 1 16 45U 0 28 1if 1] Y11 25 10 il
PUPE M AL — 87> S 80746 | [ A5 1 B 7 4F P B B
Xt Ak iR 22 AR . Meta 9 Liu %5 A (2023b) #2 1
LLM-QAT J5 ¥k , 1205 IR RRUASCE R R0 A —
{H = AT (key-value cache) Ui 1k , $2 T+ AL A Y
M7, Li % A (2023d) 42 ) LoftQ L X A% 7Y
LoRA G il &4k , R T T HE-A DU A AR ARl A0 £ Ak
MBI BT e o BT A St 7 rh
D g 9 ME P 388 B3 0] 2, Chen 55 A (2023¢) 4 H
LifeQuant, % J5 1 % 5 £ 25 )i 1 DU Ak DA A1 3 £k
RS (Al AR RN, [ sk 235 45 5005 T (replay ) &
S R M 5 RS MR
1.2.3 JIHZE

AR ZE RO A Sl 5 | R i A ME A
7 M BE B 5 Y AR Y (4T Sy, 4 AL 9 3R
T /AL AR /NS AL AR B AN TRl AT R 2
B HIRZEIE ] 43 A 4 28 . FE T X IT (logits ) BT ZE
TR EE TR A IR ZE IR T OC R B MR ZE IR A &
T ) AL TR LR 1 B R ZE 1

D) BT X IC Ry R ZE M . 4 HKAY Hinton 55 A
(2015) A g KAZERL (ZIMAERL) i XS 7T (BRI 73 28 85 4
Ja — A R ) LA AR /MBS (A
AR ) SRR 2 0 TR 15 27 (dark knowledge) ,
PRI i 1 3 2ok 5 /NP /MBS AL 1 BRARE 32 (X Tl
1 BE R 1 softmax 28 4t ) [f] Kullback-Leibler (KL )
JESEHUMPUER o 0T ETE R T RIR 2808 S o
9o ST IEXS /NI W] SRR T AR

B0 XE DL BE A o 3T 3], Meta £ Allen-Zhu 11 Li
(2020) 22 Hh Z2 40 11 JEL B, DN ESCHIE 1) 2200 #4454 O T
Xof B SRS 0 2 U8 D B 4 S B A R

2) B TRHE R IR . PP PR KR
221 Romero 45 A (2015) #2 ! FitNet, 1 UCH i
A v TR RE AL A b 5 B M B AR B S AR ZE 1 .
Ahn 5 A (2019) #2 H 3% F 28 50 {5 7% 18 /9 VID
(variational information distillation ) J5 ¥ , 18 1o f¢ K
AT N 27 A A AE FR AR 2 8] Y LA L, S i
RUZENR o BT R BOM—27 A P 28 R ik J2 1 M) R Ji
SN (2021) 2 1 AL 30 = ) HL A R AR 2
Jiks

3)FF R AR WAL 2818 o Passalis fl Tefas
(2018) #& i T — F Ak 22 51 i1 % #8 (probabilistic
knowledge transfer, PKT) 77 7% , 1% J5 ¥ i FH RSO 19 AH
SRREA TN S R M AR B, AR5 T 3 e/
1k 4 A1 HE 2R 53 i 1) Kullback-Leibler B LA fifi 2 /4
B Z IR R FF— 5. Park 55 A (2019) 42 ¢
Z 1R 2% 1 (relational knowledge distillation , RKD)
R N W Rl BURE S al CIE 81/ N L I vt £ 1 SR S
A =JCH A OC RN A Z (B YA BLAE T AT
L, Wang % A (2023b)$EH SSD-KD(self-supervised
diverse knowledge distillation ) , 3 15 [ sf 1) F AH 215 A%
AR XS 2Z 8] Y O R FIREAS A [ 18 30 2 18] 1) ¢ 2%, B4
HSHOC R AR 5T .

4 TIHIRE I I ARZE R . KSR RES
B it — o SR E RE ) BRI R B MR B
AWIRET] W RSO A R BLRE T, fn R 30E 2
HE 77 (in-context learning, ICL) (Brown %%, 2020 ; Zhao
A ,2021) M1 EE BE 71 (chain-of-thought, CoT) . #H
I, 38 ot 2 1 07 SR TR BLRE ) 1B RS /MR Y
7 PRI T\ BLRE ) 92818 (Zhu 55, 2023a) o R
[ BFAE H 24 1) Huang 26 A (2022) # HC R 3¢
1 )& (meta in-context tuning, Meta-ICT) F1 Z 1T 55 |-
T i (multitask in-context tuning, Multitask-ICT)
Tk GRS B SO FE E @y = 3R T
FAL BRSBTSy SR EANMN A 2R I A AL
(4 Li % A (2022b) 7E 24T 55 2% 21 35 5% T 4 KA 1
R RERE S A/ R B i R B Be Y
Ho %5 A (2023 ) #2 1 Fine-tune-CoT(fine-tune chain-of-
thought) 75 ¥ , 1| FH 20 AR AL A= ol i) 4 B A X 25
Az /SRS, 8 i SR R 1T ik ] Y
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5if /MY Y HE B BE T
1.3 K/MEEHE
ARG IME H AR, KM R ) 7 2T 500

P [E) Y1l 2k (collaborative training) . 3 [7] #E B (collab-
orative inference ) I [F] HL K (collaborative planning)
3FPIY, PR TT SR LR T 1A 5 TR

BIS R/ IMERLHR] T3 2 B A Ty ik

Fig. 5 Types of model collaborations and typical methods

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

1.3.1 BRI

B AR ) A B ok HL MR B el /M
RUR]FHREE T A i LU s 2 S s s DO HAT S A
SR BE o B[R] R AR R AL
25 A SE R RN SR, SEERAR A D

2 ERARIF 7T BE A9 Lu %8N (2019a) 8 T SEBLA
[vi] 158 4 B 700 ) JRT R L S RS TR A R B 4R T
Uity W ASS 80 5 2 M A 75 i) F 0 ) VR ZE AR O 1k, A i
WA MR B U R4 A, T A S i e %8 . %
#, HARBE R 2E0Y Zhou 55 N (2021) $2 H 11 ] 47 B¢
W 2 4t rh SC e 22 B AR ISP AT 55 B i — il — = 1A
PRI ZR Ty , e rbom O 5 A 7 500 R 40 FRFAE BRI,
G 58 B2 PR A A i AR BRI 2, = )
Qb BRI L SCEE T A PR R VR 24 R AR 1Y
RN GRRRRAE 2] o Ry il DB A% IR R, R
F12E BN K227 58 A 73 4% 19 Bhardwaj 55 A (2022)
TGN 3 AT A A () RS2 o] [l it
TR AR A R AL SRS o AR e L
BT YIRS A 28 2 BB A B 28
T F IR hREA i R PR W B T
MR . MadE AN (2023b) R 5L T40 2 N
EEAR RS 2 Bt o 8], (45 R 5] sh S M i
B N GRGT IR o BN e v EE T K 2% 9 Nan
S5 N (2024) 4 H i 2 B[] 27 2 284 i gt S
SFELE S S AL A R G BRI B T 40
IR 2z v KA AT R 221 5, LR T sk
FAARRAT 3 AT T e [ B ek 20> 30 25 9ty 1 2= s =22 1) 79 0
P ALt . N A IEA R [ 1 RAL i, 92 FEIAAIA W R
T4 Bt 1Y Daga 55 A (2023) 2 it} CLUE (collaborative

learning neural nets) %% >J HE 42 DL 3l 25 3 BUHE Bl 15 55
P 22 [ 5% v (%) E SR, O TS T 2 A R Y
J7 R B H AR SRS B M RE o Dong 58 A
(2023) #2 i1 EdgeMove iy = PRI 2505 %8 . %07 1%
TE L 3 R B I 30 2 A 55 e B DI R PE RE L Al
A UL Sy X I 2RI K 2k (pipeline) , 3 £ 3
NG KL P BRGNS X—Ir R
30 328 i 2 2 ] IR ) S 3B o R AR A e A A
Yk

B 272 2] At 2 B3 R 2 X — > MR R 4]
B 24 ) B i A A F 42 HY (MeMahan 55 ,2017) ,
5 5 A i 0] 38300 5 A 4 7 4SS AR (%) A L 2, T I
p PO e R R IR 580y K — 2o A LR
F) O BRAMRAE R S W E S H Y, TEER
oz I HELETS NSRBI iR 24 B AEAS b, R vt 19 A
SCHA Y AN AT UL PR A >0 AR s [R] P []
YNGR [FI , AT AR 4 1P B AR 22 4 o
I 272 20 B 719 aUA AR [R] R AL 25y DA RIS
AU BRI ME RS, AT RSO /IS D3 [ (0 4] . 3
BIP2E 2 i S Btk H 25 32 21006, BAR R4
TH5 B (Bao Al Guo, 2022) A5 5 i 4 ( Zhou %5,
2022) KA ST (Li 55 ,2020)3 4 i . Hor, 78
RREAY S Jo 1 D T i 0 T RE A AS ) AT 55 FRR A 1Y
R, PR B 7 i T BB S ST BT A M S
AL, NTTE S 5 2 5 3 2Z 18] AR R B B, 2
TovkE B T AR 3R G Bis JEHRAE o BTk
i, 56 Rl A b K24 A9 Li Fll Wang(2019) #2 H 36 T2 5%
5 2] PR ZE AR I O v, A sl A R A Rl 4
AR B AR SR AL A TR ZE 1Ay PR
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H 39 AR B R YU AL S AR A 205 A B 25 v o0y
Mo Yu R A (2020) $ H id i 7R AR B () o e v
ST ES R FME B AR SR 7 58 BT AR TR AR A 9 S
T3 18, KR AR AR i ASE TR ) 0 4h A 55 A ) R A Y 2
F o FEHRFR 27 ST HEZR T, 5 5] 5 WA N 57 R 1Y
Zhu 55N (2021) $2 7 T ICRE HIRZE IR (data-free
knowledge distillation) i) 77 7 , 38 &8 a0 5 s5 2% 2 5%
YR AT, PAICEEE 7 AR T R B AR
ek 28 S, S A TR P i R R R A S
e A 7R A7 1Y Diao %8 A (2021) #2 1} HeteroFL(het-
erogeneous federated learning ) J7 % , i 12 et L ) —
A& (batch normalization) &b #f | 22 Y4 # i (masking
cross-entropy) ﬁjr&j( A jif%%"‘*@*% gl E/‘J TJJ‘ Iﬁl TJ[I é}’} o
Fig - 9% S W B T4 BE (EPFL) B9 Afonin A1 Kari-
mireddy (2022) £ H 55 FR A U4 131 U9 174 34 HE 22 LA
PRI S A P AN S A P, IR o B 1 2 T R R
TR 7 SR RE T KRR JBLAL
1.3.2 Pl

I3 [e) 4 2 7 =2 X BB ] 43, IR AR 5
FI L FOR TR B T 2 A s 0 3 2o e Y
PR S8 R A 55

it A T R 1 Ko 55 N (2018) #2117 — b
TEH G TN 13 Z (0] 50) 3 R BE A 28 ) 28 4 B AT 55
HIT7 1% o FF o3 DX 4 R G, of v ) J2 8 Rk a2
A G A% , 38 2ok S IR B TR R AR R 4R R
B RERLCRA A7 ik 2k, DA T A 4l e ke 1 A CHE S )
1l . Banitalebi-Dehkordi 55 A (2021) #& i 1 Bl [7] 14
e~ N TR RE 8 HIHEZE Auto-Split, 3% —HEZRX]
NGRIIHEATINGR G T, IF G AR R I3 Be ff
i, (bit-widths ) , AT R UFAY 24P il PR 2E H R
TR TP B2y IR R KA 1) Pacheco S5 A
(2021) #& th T & %2 43 37 (expert side branches) iY77
V5 I R E R R LRI AT ISR, 3 T X
PG L ROHE R B R IE T 2ls T #HI3R K . Dai 55
AN (2021) NEBIRIZE 25 RO RE A BIFSE T IR O 28 A
AU P ] 4 B 7 2%, $2 15 T CINET (collaborative-
aware networks ) ZEF4 | JH: v s {1 5452 Y Ay 11 (ST AR 10
—AN/INTTAH G Y DX, T 25 00 55 0 27 P 40 DX Js
AT 326w RGP R HE B LR SRR . NSRS
REFIZR K22 1) Madan 258 A (2021) $2 H 56T A1
AR AL~ ST HESL o S B0 IR S BORTE R )
A HIE R YA 55 shaS 5ORT S5 # N AR E Y

TCSEL, BEAE TE 43 A1 28 Ak 1) BRI v 52 B Pk 36 1 AN
ARGz, 3 EBEESE BE ) Padmanabhan %5 A
(202 1) BFFE 1 ik AL 5 O S B M N A e 30
PR 8 G S S o 1 SRR T S g 3 [
2GR 78 A 2 M 58 B4 01 1% 4 ]
035 10T A A, Sy S B R P ] A B AR 1R
S 8 E 5L 2 B Tk K 2% 19 Asadi il Goudarzi
(2024) $2 H He T RORUAE 04 J7 1, AR i ER B B AN
(7] A8 (A 90 28 T AN [) (4749 s, 3 el A 0 A iy
THEFEVERE . I R FE & JE RHE R "2 1Y Jiang
N (2023) W58 = 5 T ARG 5 A FRAE R 1915
Ve 3 e M & Transformer (1) 245 . 2= ]
TS fidk i gk, v g 000 4 % gk T 080/ B AR 285 7Y
FPOC R, [l I ORoAr 2 i 1 22 2k B T 3 RIS B i A
HS 9 26 1 SR 254, A7 B T4 T i = Dh Rl 5t R
AU 8] pp ) HE R RE o
1.3.3  Dy[FE LR

TESZ BRI I 5t BRS B L 58 1 02 24T
F5 B FRI) , BRI o 75 SR (R) A I IR R R . Bl R
5 RN HTRE 7 89 T B, A XY BB 1A (generative
agent ) BA A HY P[] R A0] 1 B L AIFFE Qe

2 FE S N TR RERFFERT 1Y Lin 55 A (2023) #2
7 SWIFTSAGE (swift and sage ) 3X — 487 19 4= 1%
BRERAESE , BTN T T8 4 58 B AU HE SRR
TEHE S PN SC B R 20 B« SWIFT A He A 40 P
v 2R T SAGE 51 5 I 452 40102 348 i 28 %% 11
e, - BARHLR . X PG i PR RIE T, A
FHZ AR BN RE T ok 58 UE 2R 55 . 5
IR AR, 5 R BT 2719 Du 58 A (2023 ) R £
B e AT AR T AR A 5 S ) 22 R 3 7 1
MIREST o ABATTHRAIE 13X )y AR T B — 8 REAAF
BN M B E Ty v CandfE BBE A B B RV ) DL A
IR 3 75 IR K241 Hamilton (2023 ) X 22/ 3 i) 2
TS B R AT S DL T Y 2 e AT T RS, LA
E S 1 A A BT T35 G 9 8T A R AT AR
SER R |, IX SR RS TE HE O 14 I T 8 B AL TR
LA o e T 68 R4 1Y Fu 58 A (2023 ) DIl id
T BFSE 2 KANE F R RT3 Ao A 6 47 T A
N TR h A 2] (A a RePE . U3 28 A
KL BN —F 5% 73 BER 241 Wang 55 A (2023¢) #2
BT A N F T $2 T (solo performance prompting
SPP) J5 25, FI FFRAS K8 75 AR S AT ) 2
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i s S P M O S S 25 A R UMER AL
% o WESE R WoR  TETC T AN B IR B LT, SPP
PR R T ORIR H A B R R AR IO fE

it [ BE 2 R BE Park % A (2023) $2 ) T
ChoiceMates R4t , 5 £ A BUE B AL 5 2 BEK
Z A RT3 o % R GE AR VR AR R TE X 145 Hh R T A
A I3 A8 SR 3 R4 R B R BEAR R R .
ZHEACT T AL RE S T I IR E R SR AR OCAR L,
DR RN R B2 R B I VA & B e
KAUST K2 Li % A (20232) 5L AT —Fh 6T A 64
P S VEAREAEZE A OB Byl T A T
K, R TR REARIR] B BRI RE ). & E S
R Li 25N (2023e) 2 i B0 ) 504 J0R BEAR (col-
laborative generative agents) J7 7% MetaAgents , it i £
FLHH 18 25 375 B AIE 5 8 RE AR AE B AE U5 T A9 BE
Curai {8 FE /%) Nair 55 A (2023) 5] A T 0] X 36 2 o 2
HE A (dialog-enabled resolving agents , DERA) , il o
Xof 17 2 R Bl AR o R B i B AR S AT 55 R R
X —J7 PR T TR s P RE T Y SCHEAE .
5 [E - 15K 2% 1Y Pham 55 A (2023) $2 1 28 T A
R BB A () 38 15 PR, BIVES B iR) S R A 11T 38 2
Transformer i H A9 ARFIEFEATRERYA] 52 B, 1% 05
ANAEZ MM RNE 55 BRI S vEfe , iRl
Z By g i d it T — M SRR

FEHAR L J7 T, 28 B AR LA R 7 1Y Zhao 55
N (2023a) $2 H 1 1] HIL A A9 B[] D532 (robot col-
laboration, RoCo) , i itk 221> Kif H AR AT 4E 55 1°F
WAL, 7= A4 AT 55 LR, S B 2 ML as AP IA] .
FEEY BJEWM L RZH WudE N (2023) $24 T
— P 228 B A i O 204 i 22 U AR B
FHRRF I R0 05 JF & 1 8 Re AT ity FAE 42
AutoGen , IZHESE ELA 48 — A i 422 1AL A 2 1 42
BL, T T T BEAR B S AR ANZ AL . Chen
S5 N (2023a) WF5E 1 I 1] 3 4T & 1) 228 RE IAHE
28 Horh AR BRI R R AL A IS A2 AR BT Vs ) 2
BREMAR Y A TS E B R B RUE A AR
J2 7 1 B 46 AR L 2 LA RE AR RSB 1Y “ 4 ot

[
2 ENHREHE

0 A /S T b ) A 48 R R, T

53590 KL 8 KA /B TR Ko R/ INE L P ) 3 4 J2
T DA ELAAR e 3R
2.1 EEXER

F 2023 4 DLk, [ 7 R AR A 40 RR S A 5 M T
B, 5105 N TR RERTHT R AR M R IR . A5
8it, £ 2023410 A, E = KRR E i
1004, A 4638 F BL e RS AL 5 80F  RlvE (YT &
il b A A SRR
2. 1.1 RiGEFHHA

FERABERI B0 WY 25 G F AR I, T
B4 R 7= RO T A b AR R AR R — 2. B
ey BB P ST ) SRR AR | i N T R S
B0 2= 1Y A - Y TR KA L T OpenAl 1Y GPT FRIK
JF %, | BE R Baichuan KA BRI KA R
SN R AT FL T Meta 28 7 () LLaMA #5535k
FH T 3 T 1 28 (decoder-only ) (I 444 . T JE 4 SC
O — 75 (Sun 5 ,2021) f@ltA F 173 9 45 71 2 i 1)
2% Y ZRAss A v 5 | A HIE L, ) FH 1R 3 5
D7 BT KA AL (B RE 7 o T AR K F R AT
#3815 S B (general language model, GLM)
IR (Du % ,2022) , 454 BERT 1 GPT 11 4/ 3
R, R A 1A SRS AR R IR AT 55, TRl SR
e 7 7 5 4 B P 95— I 45 I A DL SR TR 7R 92 Ak
RE 1o LAY E N KOE T B GfE B Ak 2
Fim

FE AR (138 e S0 7 T, BN ST N DR g
H— RN Tk . IR R Liu 58 A (2021) $2
i P-tuning J5 35 B AT I 25 A0 3 22 A HE R N 5 B
B A5 B T PR, 5 i A 2 R ARG
B R R AR EYE . Bl , Liu %8 A (2022¢)
$i& i P-tuning 19 2GR P-tuning v2, i o 76 X 2% 119 Z
JEINASER DLk S8 = ot e o BT L LAY
He 55 A\ (2021) X Eb T 38 Be #5 S5008 J7 325 A B0
J5 i, 45 S 3 WA T A8 0 O 2k B R AE T AT 2%
AR IS, I N T RESC 6 % 1Y Zhang %5
A (2023¢) B %F LLaMA 581 £ 3 Bl a , it 7 R
CEEAMECY i) U A ORE = I NS VNG
SLL A R 5 3 A LLaMA B Sz 90 b 3 I f
Ji . TR R AR AT Ding 28 A (2022b,2023)
A ERFGE T ST X R 5 AT B w3 2 i, 32
HHBIT 0 43 2 TR AR AL B e A ol 1) 1 B8 2 1 ¢
— A PRI AR
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Table 2  Statistics of typical domestic large language models

FEY KA Ay WLkE IR S p BHE/B  HIER/TB
ERNIE 3.0 2021  HEAF(Sun,2021) A 81 )3 50 H 2 10 4
ChatGLM-130B 2022 EREREE R AL(Zeng 45, 2022) IH I E AR 130 1
Baichuan-7B 2023 HJIAHE(Yang5,2023) fEf 2% 7 1.2

i %uabeﬂrwﬁﬂ e..‘“ N , N N »—‘A’
Internl. M-20B s0p3 A TARESRE, VR ETOONE, e i 20 23

42 H K2 (InternLM Team,2023)

2.1.2 BRI

A TH] [ BRAR AT 55 1 [ 7 2R R vy, Su 55
A (2020) 4 Hy H T 9052 A SRR AR R R 1 V-
BERT (visual-linguistic BERT) #& AY | % #& #Y >R F
Transformer 2244 , HoA A G 2 8 m) 0 A9 i) T ol &
G S48 X 35 (region of interest, Rol) , 38 1< FU i i
B i 1Y) B4 ) B8 % R DX 58 1 VL-BERT #5224 1)
W2, @ BEZN @9 Zhu AT Yang (2020) #2 H Act-
BERT, K Hl A B °7 ~J 7 258 AR SCA ik Y
kAo )l gl 0 B AR Ry A 0 1 S A A o
MRS 5 TR F Z B SCHR o AN T I S50 % Y
Yao 55 N (2021a) #2 i 4006z 5 52 B 5 — BRI
Yl Zk 77 3% FILIP (fine-grained interactive language-
image pre-training) , i 32 #5152 25 19 J5 100 22 E AL ] 512
PR ARJZ OB R 5 o Bl LT T B9 Lin 25 A (2021)
P MO LR, S BLAT 1 00012350 2R 5 L5
24T 55 8 KA Transformer #7876 Z A4 F ifAT 55
RIS . Gu %A (2022) My T KBRS s 4 25
T SCEE A Wukong, B35 T 1424 R SCEHR— 30K
X, Ry T SC AR AR AL ) T B SRS SR

T T[] B JSAT: 55 1 2 B R AL vh i AR R
9 Ding 45 A (2021) $2 i F- T I CogView HEHY 2445
TR 5 DALL-E JEUAY 2544, 353 7F 3 000 J7 415
Jo 14 vh SC— RGO BEAT I B A N 2 IS T
DALL-E Fl GAN S B Y PERE o IO PHATF 5 e 1)
Wu %5 A (2022) #2 H 44 & NUWA (neural visual world
creation ) i 4 — Z B WO 2R LAY, B3 1 3D
Transformer 2% g — i it 2 HE 42 LA BEAS [R5 1)
Bt IZABY AT Tz F T OL0E N 26 R0 LA T 45
Yysc o WL HEHL R A= 1 Tao 55 A (2023) 42 i GALIP
(generative adversarial CLIPs ) # %Y , 454 1l 2k CLIP
PSRRI A 8 000 285 5 0 SCAS 381 R % e s R T 4
Bl

TEGE— BRAR AN A AT 55 07 18, P R B A 3l
AT FE T KA T 5 AR R KA, 12455 R[] inf B4
e 2 TR A A BLRE T Sl L — SR — TR
SRR U SR LSRN
(2023b) #& H Uni-Perceiver v2 , ¥ S 4 i Ry 61 55 1
ST FHE ANy H AR AR 110 30 P DXl 38, fil H e
o AR AT B 58 1Y) e 3K ) R R 1, BOE A R 55 H
55— d AR A T I) B, 3 3 06 5 o T 1 5 X5
BT 38 AT 55 38 1
2.2 KRIEEBUNEY

Bl AR AR R/ N B AR F R D7 T RS — FR 51) E
Jo FNE e B, TR T3 S BT R | A AR 2R
3NIT AT 4
2.2.1 BERIGYAL

VY 2 22 3 K 7 1Y He 55 A (2017) 48 i 2 T
LASSO (least absolute shrinkage and selection opera-
tor ) [0 I F) 38 38 1B 49 75 125, IR P e /N — S EE A 5 1l
X B R A TR BT, RN 2T I 2 2
JERZ 5y 3K . 5 IR, e 5 R 27 1 Luo 48 A
(2017) 42 H ThiNet (thin net) , ¥ 1§ 5§ 7 5 45 /7] 85
B AT, IF-45 78 2 A JZ U8 s T A, 1y
T — 2N A GG BT R . TE R
Wang % A (2020) MR ABFSE T B 1 I BEHLP) 46 1
FROASCE HP BB AT AT, it — R 8 i T 46
MRTARL YA Ty 1 . BIFSE A SRR Gl ) B P R 1k
HEAT B A RE U 15 2 T Z AR AL R BT RS 1, Horh 45
WTEVERE S AF AR AY . I, AR R B TR # 1Y Liu
S5 N (2022a) 45 H A 51 SR T8 T BTS2 107155
AT R 2 LA 5 AR v ] J2 14 4 531 g
[ RIS T4 5 B B BUAZ BT R il it 2 BRITTAR B
TG ik — 20 R4 R B P 2% (6] P A 8 59 A )y T 119
WFFE R 7 I BB RS T S it T 2 e 401
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2.2.2 AR

H R 2 4 R K221 Yang %6 A (2019) 40 T
— PR A T A O R R T T R e St
PRA X — Tk AR e B 2 BAT al o
i B AR BE B9 sigmoid pRIELZEL A1 A, 14523841 b
TR R T i S 2T o XA ARAT A T
T Ik — i e 7 58, AT T AR
e, T RHE R A7 Y Xu 55 A (2020b) 5T 5
F T TR SR R T AT YR o TR T
IR BCA: JAS 38 5 45 B R B aR , 1) P )1 i
RUR) 73200 FURIARFN oA A5 B, S T X B A T
B g 5 1k (data-free quantization) , A L FEfit T —
FHT RO R4S, B T 0 ELSRE A . AR R
K= 1Y Lin 58 A (2023a) 4 it PD-Quant J7 7% , HoAF AN
SR A Aol ) R A 0 22 i) ) 2 S5 L R
SERACSEL RIS PO AR 22T oA, DA
T/ A HERIE I A PO TR, o R B Li A
N (2023f) F 5% 1 7] M 5 Transformer (visual Trans-
former, ViT) i) Il %k J5 & 1k (post-training quantiza-
tion) J7 % RepQ-ViT, 1% J5 ¥ 1 it 1 14 B isk 2 fi
L SR T A2 2R B Ak A AR T R E S B Y
il ds A RS 13838 [0S 2R AFTER
FRRE G S5 s 20 A1 TR T A B AR AR 3ok 26357
AT ST R Bt — 2D ks T RO RE
2.2.3 FHZRIE

s T SCR A B Xu 45 A (20202) 42 4 T — Rt
T A B o 9 AR 28 AR 7 35 SSKD (self-
supervised knowledge distillation) , 3 & [ W5 & Il 2k
FOMRC Y foft ORI A 0000, 35 B R RO RIIR . FEIX
ANT7 b G BR8] a7 ) AH AR A %l B
1555, T LA 35 G 5 AR ZR IR R R o W7V R 1Y
Chen 55 A (2020) $ i 1 —FfAE IR ZR B 7 i,
ZAALTRAT PR SEBE . 1 e A 2 AL TR T Z ) 58
FEnl AR, AR 8 R A AR TN ik — 0 2 4y 4
U 07 VR T A A A AN R B O
At TP SCRERY Chen 28 A (20212) WIBEFE T 0 R
25 12 A O 285 1) A (i) J2 0 0 e g ) R, M
ZMT 0 45 T B AR B0 i M B 2 A T 2% ) TR 2 A
W EARTH AR . R Zhao 4 A (2022) #2
AR R 2848 7 75 DKD (decoupled knowledge dis-
tillation) , K¢ # AL H Z R0 2% R 88003 A D H B 20il]
9 oo xt TR R AR H AR B Y 22 28 % e s i

DIARTHHIE R ERE . T R“#AY Li 45 A (2023h)
WF5E 1 3 T ERAE 7 ) I R IRZR IR 5 125 BT 5 3
MERY PRAR DL, , 381 X e 77 302 4 n 5% I B 1Y
ZEIAPIR , DU A A R 22 B AP YRR IE RO
2.3 K/NMEEUHE

] A7 /ML TR b [7) 7 T -t RS 17 22 T 5
JB AR5 MBI RTINS | Bip ) 4 2R B3 [] R 4] 3 2 221
JRIF b4 .
2.3.1 BhlElIZ

AL TR L R B9 Ding 45 A (2022a) $2 th —Fl =
I UPRIMERR , P T IR 55 4% L3 T — kR
NS, T T SR BRI AR 55, R AE = i 55 e
EERE T AR, T O B I e/ SR LA
f HERE o BT L LAY Yao 55 A (2021a) fff I JG 2
> 1) MetaPatch J5 15 75 B A5 il S0 1 /PR Ak iR A A
A I, AR 2 S 1R R A B il Y . At AT ik
fi th T MoMoDistill J5 ¥ , 75 = i i 1AL B Z2 1, 3
IS A AR B A A SEIRUESE 1%
HE AT 2 i A IBE 8 i ) AT 0CHE L 5 ) 2 A A PR R
F P07 TR ARG B . IR DT R 2 B9 Chen 88 A
(2021b) $& Hi — Bl L T8 27 > — Pz ] (slow-fast) Bl
il B R Bl — = BRI T vk o MRS SE PR A R
W 2 i BB RS 2y g 45 5 3 30 R0 Ay 1 A A PR 2
P A AU S S AR T T 2SR RE T .
AR Y Yan 55 N (2022) 42 Hi 45U 15 1 3T
KT M I = B 7] % 2 HE 22 (model personalization
domain adaptation , MPDA) , M\ Z ¥ (14 4= Jy 55 4 vt v
285 R P AR B R AR LAY REAS , LI 5tk
FH P A HO BRI N R AR BB . 65T i e R
£ 10 Shao 55 N (2022) 48 Hh 26 T = — A MERI HL )
Wk 19 3 S SR RIAIL A, S A5 R B 37 515 R A 10 0K
TN R G m L AT AR TR A S 3R A
BAYI 2 ][], [7] o 2 g %o v 8l 28537 35 ) SRS L Y
TEWPE . WL R Li 55 N (2023g) 44 H i 2 B ]
HI R AL 33 HE 48 (edge-cloud collaborative knowledge
transfer, ECCT) , F| FH 30 Z A% 1IE 70 = A0 AR E 36 3xF
FEEL R A ST 32 A S R P A 22 ) ) R ) R
i o Lyu 58 A (2023) fif %5 #8 W 2% (HyperNetwork )
8 SRR 78 2 MR 28 2 0 U 2%, i A5 o i AL e
ZER o A gl W ey i 2= W= P8 €T
RIEF s FalaT LIRS RE B 402 Ak 3 I 8 o3 A 1Y)
BRI ZR, DATTT S8 JIC PR ) S S 8 9 3
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2.3.2 PhEERE

THAERFEM L% A (2018) $2 1 T —Fh Bk &4
JEE 0 A SRR P FRA T RE S 3 e R R ol 2 ) 4% fi
e h 2k & LisdT, 7 — i etk 5
ZHIBAT X E AR T A AT, KRR T
KA Xu N (2021) N Z )2 AT U FIEAL , B4
BEML A A AR FE T2 2T 1 30 25 1 2% DL R 4%
HESR 7, e K PR b s/ 8 B0 15 4 R 2 3153 119 g
FE, P RAL T ALV AL B A A SR B, S HERR B
PEUR A R AR A o b A R 22 Y Niu 55 A (2020)
& R X ORI A AR AR 43 T vk A A g LU
T FH AR b AR AE T X6 1 1 e AR, D] 2 St
PIp) 2 2] s AR, DA T P A X} e AR A A4, 4 i T
K/NBERI P ] 2% 2] 8% . Zha 55 A (2023b) W3 T
A i 0] BELE 2% /IS IR A 2 ) 22 25 KA 1Y P[] 2
STHESR , 38 Jb 30 288 2 e PRLASE S A A 28 g ) PR A 7 i 4
P AN A SE B R IR AL PR ARAE , LI B =
M Z2 B HERE

TERGE- 620, Wi ) B BRI 58
RS A NS R T A S R A
FE AT B A 77 Mk 9% i = U3 [R) Y e 53 R 48 Walle
(Lyu%§,2022) , ] I AT SR 2 0 R0RGE 24 7y 25
S 1) B SRR T 30 2B s 300 2 FeE )
115519 K8 1 00042 IR o W98 BUAR S #E T LA
By EEL L E 480 R R LG R B ML RS S5 0
D[RV R 7= b 2, BROAS  3 B 28 % s 25 AN At 2
Rt o
2.3.3 ALK

T 18 K24 Liang 45 A (2023 ) $2 H 224~ KAR R
B REAKR Z 8] 1 BEE multi-agent debate, MAD VHEZR |
B I R AR ) 2 R T SR R USR]
AEH BLAY AR AL BT, Chan %8 A (2023)# # T
Z B IR # H) ChatEval (chat evaluators) , 1% & 4t JH
T A EVHE AL IR % e 5 A R E ek A)
RREAT 55 TN A R B . RT3, e 3 ae
TR ZZREAL A €0 L) K AN TR) 70 388 SR W6 Xof 142 118 14 o
HHAE R ARE Tk K219 Xiong 45 A
(2023) R T A8 A K 5 B 2 ] 1) R — 3
[, I T — A S — M REHEHESE . KHEE B A
R R O R 2 a] A B — B i T
R 8 U AL BE ) o g I ABRE AR A
7032 PR Mg R AN — SO ) R A 22 A B 2 [R] e A

TS A, $et o R AR A A R MR

JE 5B HL R A7 Y Hao 45 A (2023 )4 1 1 — Rk
[ ChatLLM [ Z8 AR . Fuif 245 T X6 115 5 5
RUHATAE H AR T I R BT e A A
Pl RE ST o X PR g B T ik AT B TR 2 (]
L[] 27 27, DT B G b, B e R A B AT S (AT 55 . v
FEIRHEHR K 1 Chen 55 A (2023a) HE4T T RAEAY
BRI ]S OC R Y WEIE ] GPT-4 B AL B At i
P, P AR T AR A R R Z [ S 4,
PR B BEAA Z 18] B AH B A B AL T — b S i 7
% o Zhao 2 A (2023b) J 15 B B 5 A A 1 (4 1) &
K IFE R R SRR e . B, O e A
BT LR, Lh—Fh P [R]85 =X 8 i S 6 AT
%5 o X —WF5E I A O B0E AP R DR SR T 24
BRI Z E] 0 Tl SRR F

JEH K21 Chen 55 A (2023b) $2 11 T8 B IR 1Y
H sl A AHESE AutoAgents, X —HEZL H A MR/ 55
WA S T B 2 ik e G RB IR S 21 iy
A1 55 BRI itk 7 ZE R o X RO R B AR S AE T RE
% KR At ELAAAT: 55 19 R AR R A2 R e A, DT ik
P TSR (14 R AR ORI BERE 7, o H T A
ARG AT S5 o WK Lin 58 A (2024) # TR
FEAL B BEAR Bh A M%’(dynamic LLM-agent network ,
DyLAN)HESE . ZHE 42 0% S Rr (UFE T R BB A
TES AR P AT 2522 5, IR T B B R
REAR I AL AR BILT] , AR THEIMERCR

3 ERSMARERILER

3.1 EEXRER

PR AR A G A O AR D) 32 22 o [ A1t
KHEF T, UHAEILT Transformer YRR ZEFY  TC W
BRI 1 e A S EGE B O S5 . an, 58
[ 43 2 A 42 Y Transformer 4R8I T4 6% 19 T 1|
27, e )a & A BERT . Switch Transformer A1 PalLM
WU R . 52 E OpenAl AR I & T 2T
Transformer Zi % #% 1 GPT 4844 , S J5 & 4 GPT & 41
B, JE H 2 H: ChatGPT 7 ity J K B st B e PR ik 5
ViZ A s P R A

PR E S5 ] A AR R R B [, o A i e
BB BN, 3 H K245 G BERT #1 GPT i 342
P, 42 T A SRR GLML, I 4 B T TR I 24
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KA, BT b T R I = A AR K
] DA AT AR 22 T i P Rl 5 AR AN SRR A A
o A BEELS AR ZR MG 5 1) KA ALEOR 4 1R
P B SR G 3R A5 SUME Bt A BB b AT
P TR SO R RE D AN LRI R

T ESE, BN R I B R T 5
A Ml 5t R 3 55, PRI A S 40 Sl R A AL )
i 75 T EAT S A AN, A D R A S B s 1
B E T R/ G RBRL, W LR R AGTH 0 A
B A RTI kAR 5 4B P R T AR B DR, 9 S R
FIPUR T R 2Ry A, AR IR R~ & A1 THI
)L BRAE R 1) EmoGPT, 45 [ 7 KA A | i
B AN KASRE (40 GPT-4) 1 — & 215, (HAE
e AU PR R, R I R SR A
3.2 KREBRUNEY

RGN I GG BT H AR 322 oh [ AMUT 5
NG, 3 ERMIF S 7E SR K i it A bt
THEZETTR, AR IR SR HORE . BARORYE,
PR R BT R U B 2 AL R AN BB,
T E PR B R AR BT R L B AL 4G £ BT
A )RR 0 T B A A 22 Dy T ] A/ ) B R
HH BT AR A 30 TR R R S A R
140, 2015 47 5& [E Hr AR K24 1 Han 558 A (2015) £
HEASERY S AR M S, i IS N B A T AR S B
W iy W R R o BIZ O T 28 S ARG/ 1]
L0 N A JUF [ B T J 5% R 5 A 2 A T A T
Vo TERCA A0 )5 1, [E AN 98 3 35 I Js
AL A A BRI 25 £ B T T I, 48 Y B T
W3 il O B e AL R B A R P R 25 T 1 . R 4
HE T T TR e S o BSCH AR R B A TV T
Bods 546 J7 1 PD-Quant J7 7% A A 1] 1) f1 5 Trans-
former [¥] RepQ-ViT J5 ik, X 4677k B i i AL 138
FHPE IR B PERE , 85 1 X 0 5E Transformer 55
S AR A Y AL TR ER . TEFIRZR R 5w, [ A
TUCER T T B TR IE AR T O R AR AN
ZENR U R AR Ty 2, N R A5 5 H B
2] URFR S A TR o7 ) S5 B BRIt — L $E T+
HZERPERE

SRS [ AME B AN AL H R O T B A
B2 R IR AL S SRR BT, S T — R 2
PYERIS 5 07 vk . BT ORI oY A [ PN T e T
B4 T SR AR WEIE AW B0 7 v s A 5 1Y

PERE , ITBFIE 5 1 B B S I
3.3 #hEAK

i 2 R/ IV TR P [ A I AR b, [ Ah
BT AZ DT A WEIE o AR EIIN SR T [ A e R
P T T IR 2R 2] BB R) A 2 5 AR B RA Y
J5 ZCAR DB R IR 0] R0, -5 0SS 750 S ) 1k ik 4
WL T IR > BRI B AZ A [ )5 S5 3k
SEBAR/IMERL Z (B B AT RS o R [ A 98
WF & T — ZR50 2 A AT 5 s ) /N 20 3 [ )1 2
22, 5] A FR 208 Ty vk SR [ A AR 1)
AR B R 5 R I RE S S Ik AR AR
MBI RELR 0T . [ NIRRT G T = 5 T AR
H SRS PR AL K S A A T8 V5 5K o A P ) 4 B
H] , FE AR SE 322 TR ) s Bk
2] BRI BRA B A5 T R 5T (A AR Rl iE 5
Z B 1 R R B 1 3 1 s it oK o P G S
I I8 FH P ) o 2 ] R 3 2o AR i | S A A BRI 2
SRR R IZ 2R ) is OGE X AR AR R A
R Z RS R SEOR [R) EAASR ( HR o Jy ik o (EAR
it AR TR A G0N FH O T A AR S R B
MR RGOV 6 CAHEE T 0 3R 2 Fh2 AT 55190l
PR/ E R BE TR R 4, IR I R B
5 55 op AR . T O AL 1 P [ R R — o 2
(AR AR M 2, 30 Pl [ A 2 AR AU 5 T P
PO RIS W R, fEESN  BE A AT
Az R AR A SE A AR I | A £ 1 s =
& HE VIR, BT 38 JHAE 22 21 MetaAgents , AutoGen
SWIFTSAGE, DA A& 24 55 . BN 98I 55 2
BReRARS FRAEAL S kA BB
B PN I TSI R M A N (1PN it
[i) P B IR RS Pt 1 2R B ik

HEARKTE , HETE TR R /NS R B[R] 55 W T
b TS kKT I HAE /N i [ 540 o A
Bk gr o iah, B AE A s e 9
A AR FE DA P B R BS54 AR T T (R [ A6
HEACPAIA —E 1 2505

4 REBBERE
DA BRI Sy R ) TR 2 3T 4 R T E 7]

S N T REGIIRAIE IS B EL R, S ML ARy >3
A — ZR 90 20, ol N T RE & AR it 1
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— T B Bl KRB NR A AR Y e K v
il 4cb B A T (2T, /TR DL = s3I A i Ty =
52 18I A~ P A A 55, K/ IR IR ) R 1Ry
KABERIMABEA TP 1 ) E B A4

KNS R Bip [A] A AR T B R 7= 2 i Y £
B Gartner | =il 28 7] B] L9 (SR EE B L RE 2 4%
] P9 A B TR0 Sy B R e e S R R
ZHREA T W& 04T b FH A5, 2 8 AR 3kT 52 8
AT A2 A RS A E R BB Y%
TE R Ia N H

T 32 P KA LR F Transformer 2844 , 8K 1fij %
HRFG ) D M AR S e H R A2 BN
BRI , 77 A0 8 RDME R PR AR . KBS A — AR U 7
1) A TF 2 8T — AR BRI 284 | 7 O BE Transformer 31| £k
FEATHE R R e A7) AR A5 A ) ] s 5 BRI A O
FEHMERE (Sun 55 ,2024) o S 40 R DK B R
BB 5T 405 (Chen %5 ,2023d) o 5 L [R] Bs 4nfif 152
TR B IR & L ZBRIZ8NY | i — 2 32 T 2 1
LR T A TP etk (Dehghani 4 ,2023) , SCHLES
SO I 5 A Bl A (Zhang 4% , 2023a; Huang 55 , 2023) LA
fiff DRI 2 5 e AT 55, o e ik AR S B IR R A oM iz FH 11
K,

UL A KA/ IN AU A e AR T ) O s A A T A
X T B 2 BE KB IR R  AETREA . BTN
FEALFE WAl FE /N W] A 2500 B OH B R 32
R YEsE 48 IR BLAE J) (Zhu 75, 202325 Gu 45,
2023) . /NEMEHOR 24K T 250 Xt miande] {
ST/ NI T DL S A e X B AL Ak RIS
HAR BIRA VAR B R B2 7 1) .

KNG R B[] AR [ 58 S A AR R BT AR
Hi SRR S 1 5 | A OB Y R R A4 P ] R ) S5
J7 I I o FEHIR BT I, 5 U5 R S A A
T Py [F]3E ALATLBE (1 4R & (Daga 55, 2023) . HARTE
ol AL SRR 1 A58 = AR A HE 2R (Zha 45
2023b) . TEASHBBIRUBE 58 J5 T, © A ik 2 S
) AR Y g AP T TR A RN T REAE 42
T DA A P AR O 1k A R 51 56 T (Ruiz 45
2023), FEA GBI p R R i, Feh — A E
J5 a1 R BT B AR (B BIMEAE 42 B 5 15 0 ik A S
X A2 = ) A RIS A SR R T

P AR OB TR TG 1 X A i P A A T T A 1
E , RABEAY B/ NS BT BN 25 AT RE AL 15 R i Bl

Btk N e, HoZe 4l H 25 i PR S {5 1)
Az ORIV AR A B Ry B B S R A, A AL Y < 4]
BE "R A (Rawte 28,2023 ; Manakul 45 ,2023) &
A N 2546 (Wang 45 , 2021 ; Mitchell 45,2023 ; %2 7%
FF 45,2023 Zhou %, 2023) S5 5T U5 1l . [RIEE, AT
B REBALAEAE N A A B X Bt Kot (P R AL
4520235 Wei 25, 2023b; Wang 45 , 2023a) , K #1 #l
“HAk 057 (jailbreaking attacks ) (Zou 45,2023 ; Tian
4 ,2023; Qi %, 2023)  FE 5 2 M T (Gouissem 55
2023; Wei 5 ,2023a) 45 2 Fp e o5 77 2, B4 i BF 5 1T
li) Al 2 AR TR ) 22 4 5 4 7 1B AR R (Jain 45,
2023 ; Xie 55,2023 WA AR B A 5 H A

5 & &

RN Sy 2 T3 [ 2 A e 2 e AR A TR
E275 IV IDE S5 % N U 2 YUPN U B IPN iR
TR, R/ INVER R B ) S5 S BRI 5 5 1), JBAT S 0 S22
L4 SN 703 = 4 N S I 7o o W A e 1
N TRBEARAR K REE Ty, BE Br— U AR
A R REAA BRI ML L5 1PN 2 AT R E AR A OG5
Rt T LTI , R/ B3 [ R AL B AR 7 e A
SR AU AR TR REVE I .

¥ O ALHvTEEZARISFRATRE
S mAERFLERCURBES ZEEL0HBEA
https://www.csig.org.cn/16/201612/49316.html
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