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DeepSeek & ChatGPT

20075F1H9H, FrmiikmaE—iPhoneXERFA, {BiPod, EBIE. #BoIE
ISR EHITEIES, s TRIEHKMNHENTEEKEFA.

SRARBE AN SEBEF. EFRITHRIRNKTE, 2023528,
HEIL BB AFRCEORZRIEH FEE ChatGPT AR IR ELHIN, FKAJ
ELHNATLEREHPhoneBIZl (iPhone moment of Al) 7, X—MRZE
XE (WE) &, S/RENIRERANZIA R FEEE.

cdeepseek
RERREZIR

Fhaxhs SREVFN App

DeepSeek EAKEHPRAE Al 41F

S EVE SRS ERE T

DeepSeck{ERAFLAM TR SEHT 7 REREIF, &
2048RIEEHIXHS00 GPU  ($H33PEMHIHAMERERGPU) &
B L5eR)lgk, FIR T KIESEEILAIKE N OIIFEIR
iR, NEZRBZIFE FMRREAA TR 7 #HRIER.




https://openai.com/index/hello-gpt-40/




GPT-40: By my eyes

https://openai.com/index/be-my-eyes/
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https://hanlab.mit.edu/courses/2024-fall-65940



® inz1/[E (Device-Cloud Collaboration) : f§IA%I%E (WEEEFH. loTiRE) REEM=MIRS SREDEIHICIERT.
® = K1=EY (Large Model) : BRIAMITE, HERKENITEREND. BEAEUE. oA IRE.
® “Lim/\ViEE! (Small Model) : SCHYRRAN. SERSMMAL, BITRERTES, TELEER,

g |0 [ e
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¢ inANEITEEIEEESDFIESE RN, LRI DRZEMES, NAFELREIIRFMEERIORANS, FFEkR
IEACRSEHETRRES], %ﬁ’iﬁﬂlﬁ%ﬁ%qﬂlbﬁiﬁﬁb, EIRS ST P R SRR IR S A AT

%ﬁﬁa‘;’é%@z& , 1 @fgm

;e
O O O O s O s
) Pt 2T am & @@
S Savie & o ‘ | [ |‘ ﬂ)‘ﬁJ it \ | I’MEI_' _____ _REAHER
] nEaa mesnuBAREE - S I =
B b e T o\
nce i ' = e - BB E Ad (7 .
. . 4 Uncertain samples Down-link .r[- o S wmer ol ! T, mwE | | ‘ e ‘ ‘ s |
u | Uncﬂﬂalnw Data flow ’ T, | .m [ A Kg;ﬁgf—— e — o . = >
"‘ ] [ B visual prompis =5|E ' ! == | mir ‘ b = -
____________ [ Processed prompts| il R
Teacher model| (-~~~ ~-=~--=~~~ ! I @ Uncertain sample| N &
(Large model) % : ©r ' Uﬂceﬂalm\f I ’ . " HEERERD
:lVPLU -.r.'cra':eg\.|r \ A, QGul ded Samplmg. —— | = - ﬁr&gﬁ&ﬁﬁ
------------ - . | -- i) -
= i 4 o= o “ v |~ ]| > =)
Student model Model parameters e Changing @ g e > | ‘ S
[ : |
environment | | J s £, \ J ‘ ‘ WEAMREHE -.__J | ‘
Rendering Engine -- Rendered Output Image O ‘ s O

(Small model)
Neural Network

HE#E A2 45 (Qian et al.)

(a) The problem and our main idea

H 2323 (Gan et al.)

Yulu Gan, Mingjie Pan, Rongyu Zhang, et al.: Cloud-Device Collaborative Adaptation to Continual Changing Environments in the Real-World. CVPR 2023: 12157-12166
Chengfei Lv, Chaoyue Niu, Renjie Gu, et al.: Walle: An End-to-End, General-Purpose, and Large-Scale Production System for Device-Cloud Collaborative Machine Learning. OSDI 2022: 249-265

3DJEE (Lv et al.)

4 C O .‘.

Xufeng Qian, Yue Xu, Fuyu Lv, Shengyu Zhang, et al.: Intelligent Request Strategy Design in Recommender System. KDD 2022: 3772-3782
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o

TAEBKPrE: One CKIERX) to Al (/PEER) A RK
o RIRTIIRAF)/PERI A R HESEModelGPT

« ModelGPT + A P MR E ) & R faik + /> E5HE =(%&£E$ﬁli) AR BRI /MEAL £ All-
in-One I8 H KA 2 41, FIEIRE One-to-All BRI HEM:, NT) 2 B/ s
NG (Gam) « BN AR R AL H S HE

* fENLP, CV, FTabular Datalit B HE 4L EHETINIE, PR B Finetune /i .

%@ ModelGPT

\
=
iH)

( Algorithm 1 Pseudo-code of Parameter Generator P(+; 6,)

@ Requirement Generator Model Customizer
Please give me an artificial intelligence model, making it (| General requi - . - % . - N
£ o quirements to instruct LLM] Type Recognition = 2 = : : .
best suitable for [User Data]/[User Description]. ||| /g .0t case study and analysis for LLM to imitate] Modd 7ol o~ Reqmre‘ A DE X'l :] Y:» » T'i =
Generator | e’ Text  Tabul
Image Im o

O Ty PR e e Ensure: 6, = (6.,0,,,0,) satisfies Equation (5)
ey P41

for _ = 0 to epoch do

backgwnd lnfu'matwn e imagos e included

5 mm = The/aretake\bya DSLR camera.

scissors 0US(
! . -
Please help me discriminate the category of

. o
Bt g fom fmem o ) — s e m ;:.';,a for (D;,r;) in Ado
Te © o ol VT | o | for batch in D, do
— Obtain ¢, with Equations (1) to (3)
T prfesortalked s uncespabi e | Use batch to compute the loss and update 6,
S A ! Compute the difference Af; of 6,
e e wrotsse v e tobl] || f EHET, Aoyein Use A#; to compute the gradients of 6,
i e T | © v W RRITANE, | e % %@ g?dm 0,
LononY g I P end for
ool = = end for
P Ar—— —t Save best checkpoint according to Equation (5)

* Users can choose to provide labeled data or descriptions, or both

\ end for
Zihao Tang, Zheqi Lv, Shengyu Zhang, Fei Wu, Kun Kuang:
oms G| ModelGPT: Unleashing LLM's Capabilities for Tailored Model
3 1 e Generation. CoRR abs/2402.12408 (2024)

(&) This is a task of tabular classification to
vser @ ModelGPT o recognize which type of iris plant the input is.




iH)

TAEBRIFE: One (KEAZ) to Al (/MEEREL) ARk
o RARTIIRFN B /MET A BAESEModelGPT

. ENLP, CV, FTabular Datafi B4R FiHATI0UF, MREE MR Finetune /71% .

» 4 F PN R SRModel GPTRE 5 L 22 22 S Hiryu 20 (FIna= 2405l LORASLID 2706
JEE'E‘ AR e il i N TR e A

Results on GLUE Benchmark (Distil-BERT)

Methods CoLA SST-2 MRPC STS-B QQP MNLI-m MNLI-mm QNLI RTE WNLI DM Score {Epoch Ruﬁzti]fne
LoRA 48.3 910 849/803 81.2/80.0 68.5/87.3 80.5 33.1 88.1 528 651 0.0 715 20 216.1
Finetune 455 913 B86.6/80.8 82.1/809 69.2/87.8 81.8 80.8 87.6 569 637 356 744 20 273.8
ModelGPT 39.5 889 853/784 80.9/80.3 63.3/835 77.8 78.0 84.6 695 644 280 734 0 1.0
ModelGPT-F 369 90.8 855/794 81.3/80.5 67.0/86.6 77.8 78.1 858 700 623 299 738 I 3.1
Results on Tabular Data (MLP)
5 Heart " Breast Car Wine Dry . Bank E2E
Migthady Tely Disease boan Bl Cancer Evalvation Quality Bean Rilee Marketing Average  {{Epoch Runtime
LoRA 93.3 63.0 67.3 54.7 95.9 71.3 55.0 88.9 92.5 89.8 77.2 20 46.2
Finetune 88.9 54.3 89.1 55.2 96.5 71.0 353 90.6 93.1 89.9 78.4 20 39.5
ModelGPT 100.0 60.9 94.5 547 95.3 71.5 54.1 85.0 92.5 89.8 79.8 0 1.0
ModelGPT-F  100.0 62.0 94.5 55.1 95.9 71.3 554 88.8 92.9 90.0 80.6 1 23
Results on Office-31 (ResNet-50)
Domain Amazon DSLR Average | Webcam (ModelGPT is Zero-Shot) | {Epoch E2E
poc ;
Methods Acc  Acc@3 Acc@5 Ace Acc@3 Acc@5  Ace  Acc@3  Ace@5 | Ace  Acc@3 Acc@5 | Runtime
LoRA 664 777 84.8 784 922 9.1 724 85.0 90.5 125 87.5 93.8 400 231.8
Finetune 67.5 79.2 83.7 843 98.0 1000 759 88.6 91.9 90.0 100.0 100.0 400 257.6
ModelGPT 664  79.9 83.7 922 1000 1000 793 90.0 91.9 76.2 87.5 91.2 0 1.0

ModelGPT-F  67.8  81.3 859 922 1000 100.0  80.0 90.7 928 | 775 900 91.3 i 12
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TEMILERSE (I, AOREE, E85S) BRM=RORLIESKERERR, RATRTER
R, (SRS AR,

REMAS—RT

{a) Knowledge Distillation

(b) Backbone Sharing

. B il
M- e e
FIRZ UﬂéLogltsﬁF[IFeature MapZEREliH, (KT ESRE, “cd ;;;e.j“r”?nbm K é ,)< m"sni
R TR RTINS, AR fip=—a... e fiy=

-----------------------------------

(c) MergeNet Parameters

. \ i N B Knowledge Transfer .PEL?G”;?;?
SRR (MR <-> TEOVHEIRR) Z[ERIRAFHS. 0 r'ry
NV . L
FEISER S IRRES. H lp= |

Parameters

Li K, Zhan T, Fu K, Zhang S, et al. MergeNet: Knowledge Migration across Heterogeneous Models, Tasks, and Modalities. AAAI 2025
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Ll
]

MSRE TR RIS, ESTESINIREBIESE,

SIRBHIARTR: USHA%F, EMREEBIRERESH, %'Eiujﬁwﬁﬂiﬂﬂg.ﬁ—ﬁﬁt
SIENNERS: R SIS, (BHFESHTEMNZE, RINHEFTEENER, EMEBEIRERE

SRBNART SRS nEIgxE

HHREAEIT 2 =3 vl R T
1 %17/% ; /self-learning

W € R™™m 'A € R™M B € R"Xf\ EFF . |
‘ ® ..< R1XTM ' %“ %}. ’3
l AL € R™M
ﬂ@ ﬂﬁ%ﬁ&iﬁﬁﬂ%ﬁ
Ag € RT*m
l / 1xXrm
N ® A

#13/5
W’ € Rnxm AI € Rr><m B € Ran Eﬂ;

r+1

ﬁﬁdﬁ{mwﬁﬂ knowledge transfer happens every T, steps

TP

Li K, Zhan T, Fu K, Zhang S, et al. MergeNet: Knowledge Migration across Heterogeneous Models, Tasks, and Modalities. AAAI 2025



» EHREEE. £5. KRENE KB FRTBIER

el 7 RN R ERAIRMES KR SR IR

ERAREE

ao . 5
- - | § !-.:T
) ) K ‘

AHRHT &M EARSEERSR, kit
RAREBRTENEH KGR

A | A

IRBEEERIEIRS
{E555BIMLECE K
SRR TAHRE

ESARSARE R
BRI — von T
rm\ =] = . —_— G overall other number| TR IR
FERIIA)RE ?ff—ﬁ*@ﬂlﬂﬁm Methods Top-1 -~ Top-5 Vanilla 4578 3133 2871 |41.48 37.64
' ‘O 5hA Acc(%) Acc(%)  MergeNet(V—T) 4633 3320 3133 (4472 39
. *ﬂb\xﬁmﬂn : - MergeNet(T—V) 4596 31.99 31.15 |44.58 38.93
Vanilla MobileNetV2 63.87 88.77 MergeNet 46.51 33.84 3154 |44.78 39.26
coe KD (Hinton et al., 2015) 64.32 88.62
RKD (Park etal., 2019) 6548  88.9 B S A RT R
o+ DKD (Zhao et al., 2022)  65.23 89.01
SEFILRER NKD (Yang etal., 2023) 6509  88.9 SCRAD V20 | IMDb
MergeNet(R—M) 66.23  89.66 Methods EM Ll ‘
T T Err|
MergeNet(R<M) 66.51 89.75
- Vanilla 70.17 73.06 8.02
‘v'al.ulla ResNet50 68.11 89.61 MergeNet 71.89 75.43 75
KD(Hinton et al., 2015)  68.36 89.9
RKD(Park et al., 2019) 68.6 90.21
DKD (Zhao et al., 2022) 69.03 90.25 CIFAR-100 SQuAD v2.0
NKD(Yang et al., 2023)  69.27  90.18 Methods o { Acc Top5 Ace]| EM  FI
MergeNet(R«>M) 69.84 90.57

Vanilla 63.87 88.77 |70.17 73.06
MergeNet 65.56 88.74 |70.89 74.15

Li K, Zhan T, Fu K, Zhang S, et al. MergeNet: Knowledge Migration across Heterogeneous Models, Tasks, and Modalities. AAAI 2025
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HRRH iR 53 5 ERE-EMIAS

o NEEHIRITBERB R ERANRRESERFR, (CFAREEDARIEEI)GEES T (5
) AMEESUIREIESf (E48R) BRMIEYMESfRiR (11D Hypothesis) .
® SR AT, IREHIENINASSFES RS, SHERTEEESETE.

JRIZE)DR{RIR (11D Hypothesis) : P AN BAREP, (MAISED MOLF MG, fERELT
BEAT RIVRZR T, VRIS RN R T AR B 45 A5 2 5E il H AR sl 55

ResNet-50EAREIRE TR HiRIEEIEEIMERELLIR
® a2 TER HAbx:

r%in [E(x,y)~P [Di(T(x;0,) | S(x; 85) + CE(S(x; 05),y)].
® LHIST, WA RL Y SAFE AT IREE (Py # Py |
) 1M [A] S AT R A

® [Hil1: P~ Py XNIEEBIRHEWITIE (P AR I

A, ZETEH I B AR R E F P [

® ,ﬁ%ﬁz_ P~ PS’ ﬁ*ﬁ@éﬁtﬂﬂﬁ%ﬂiﬂﬁ*%ﬁ&ﬁo Office-31 Office-Home VisDA-2017
miFlEkEEE  w BiREEEEE

Zihao Tang, Zheqi Lv, Shengyu Zhang, Yifan Zhou, Xinyu Duan, Fei Wu, Kun Kuang: AuG-KD: Anchor-Based Mixup Generation for Out-of Domain Knowledge Distillation. ICLR 2024
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RS HREIESENY BEHMRENESEEFAETHRESRE HFERFIE, FEMCREE
%;ﬁ;&ﬁﬁ&ﬂy&%&ﬁl&%&}&%ﬁ ' ééﬁ%ﬁi%{ﬁf[%%%? Ej@%ﬂjﬁ —global--local — aggregated - clientl -« client2 » cl/ientS = client4 x client5

Global data distribution Local data distribution

SR

Client i local dataset D;

o BENHERE: ENLBHIES HIATIT AT SN LA T ERE - N p—
=S ite Cat White Caf ite —» ‘ca > x

o BEEIRCE: SRIESIHMRT, BEURTHERSHENERTE m— ) R

| Black Dog Black Dog

N=|
%/hb%l: w A!/'El AR B

o BBIEX: BIKESHEER, FESENETFELYE, ANEIARLR i
o BFiEE: EFZGESAMUEERMER, BAEIRBHETNERER

Jiang Z, Xu J, Zhang S, et al. FedCFA: Alleviating Simpson's Paradox in Model Aggregation with Counterfactual Federated Learning. AAAI 2025
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RELFIFS: FBAEBBIBIEEEERNEMRSELHR, SCHiREEER)2
RFEBEXRER: ETRXEDIMOTREFEBXERYE S, EERFLHEAIGRE

EF AR ERFBTFL

Client { local dataset D; Counterfactual positive/negative samples

1
. Indispensable Factors gradlents E
—| - - | S

Dispensable Factors

%._< A

LGBy
MRS HE

Local Data Counterfactual
Factor Extraction

Global Average '

Data
Crebhy

g j < ._’E' j | | (» Black Dog |Black Dog| |Wh1te D0g| |Y6110\;V Boé | Black éE;t ‘

White — “cat’ Cat — ‘cat’

FedCFA —
Black ., ‘dog’ Dog —. dog @@
M—»@—[Global Average Label] [ Counterfactual Label ]
i

B SEREA A )

Jiang Z, Xu J, Zhang S, et al. FedCFA: Alleviating Simpson's Paradox in Model Aggregation with Counterfactual Federated Learning. AAAI 2025



Fll Bimfll REFEEFRIMF I EMisRA=ERICER

BT EREBZINRESZ, MEEIBEEREURA7.75%
R A CERAY R RIS E IR 2105

Method D'i?"{,'n{{].?) D‘i?‘(;()(ﬂ.ﬁ) IID.’;() Dirmn{{).Q) Di'?‘l(}o{{).ﬁ) I{Dm()

FedAvg 40.70+£0.24 42.85=0.26 44.37+0.40 38.17+0.32 40.1940.26 42.1940.52
FedProx 40.39+0.23 42.51=0.34 44.2110.64 38.27+0.46 39.900.42 42.2440.98
SCAFFOLD 29.36+0.39 33.30+£0.48 37.961+0.26 23.25+0.54 29.9840.19 32.77£0.25
FedPRV 38.35x1.11 42.91=0.49 45.9140.05 30.65+0.74 36.58+0.14 39.96x0.30

— A Y ~
[REELHEARSR
= g-FedAvg 40.3440.60 42.61+0.63 44 4340.28 38.1540.48 40.2040.10 42.04+0.65

p +1:E -‘ILQ/\J;E FedMix 42514028 44164026  45.65+031  39.78+007  41.43+084  43.6340.64
J I N\= FedCFA

46.96:1.04 49.32-0.20 48.31+0.53 46.71+0.59 49.18+0.75 47.8611.22

Ny — — ~—1H N=| TU.?%D %I%A FedAvg 65.88+0.32  73.95+0.16  75.4340.51 62.8740.12 70.9940.70  72.8240.35
é Bl llﬁ'ﬁZ:T'jJ‘l (= I"?‘I:t H/‘J | EﬂEﬂj IEGZ3R a1/ FedProx 7223+044  77.68£003  7693+028  70.36£0.75  75.4740.53  73.36+0.47
SCAFFOLD  33.05£557  54.58+3.95  75.96+057  34.69+2.16  56.17+191  71.84+0.77

FedPRV 59424226  71.52+021 77424004  5543+1.74  67.11+0.76  76.16+0.37

g-FedAvg 71.71£1.05 77.96+0.19 76.9240.09 70.04£1.55 75.47+0.52 73.68+0.33
74.61£0.74 78.64+0.53 77.9040.17 73.9140.79 77.11+0.31 73.93+0.06

CED e e FedMix )
'@ éﬁj:% = EEI_JBL—I'::HE ﬁﬁ wm ]§$§"E % ﬁE 32 3 FedCFA ~ 75.89£1.00  82.43=0.08 8336£051  75.76:015  8L73£0.12  81.68:0.89

Tiny—lmageNet FEM NIST S ent ] 40 Client 1 Client 2 Client 3 Client 4 Client 5

=\
Al Method light-yellow yellow fan brown dark-brown
\\ K!lﬁ'ﬁéj\ﬁﬁﬂe’ j{ Dirgo(0.2) Dirgo(0.6) Non-IID  Non-IID “n--.
_ FedAvg 27.39+0.13 30.9040.29 81.31£0.94 68.10+0.48
SOUEENEHE it S
1 U V= b ;I; ;:FI_]-UJ\|=J FedProx 27.3420.05 30.7820.16 81.63-£0.08 68.100.44
@ @ )‘ o= X Im-ZRE=/ME q-FedAvg 26.89+0.07 30.7040.13 81.90+0.58 68.04-0.71 7 7 }
FedMix 28.014+0.19 32.4340.13 82.314£0.21 67.97+0.39

FedCFA 30.70+£0.68 32.86+0.77 83.19+0.54 69.26+0.37 AppAAAA

CIFAR100

=
~
§
@)

Method L)'ETHH{U.IA!) IJ‘DHU DU‘“;“(U.Q) IJ’DH]U

i —&— FedAvg
Target 7595 78.4 73.6 75.6 —=— FedMix
FedAvg  (>6622) (>,7499) (>,6295) (>.72.42) | —4— FedCFA

—— Qg — \ b = FedProx  (>,74.03) (>.77.16) (>.7237) (>.73.46)
tﬁ& ' y_ﬁlﬁz:'l'/’ l\l nll‘l‘%_aj: ﬁﬁ ﬁ*g . &‘ SCAFFOLD (>.32.77) (693.78.46) (>>.,38.34) (800,75.68)

g-FedAvg (>.72.23) (>.77.04) (>.72.03) (>.,73.56)

= =TT A2z FedMix  (610,75.69) (>,77.79) (>.72.25) (>,74.00)
iﬁﬁcj E;:F:I:J; géy ==/a FedCFA  (375,75.58) (453.78.41) (427,73.61) (408,75.67)
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o infli3HiFt: WNAFPXEEENTRE, FEH=E RN N AEEERE

user count

ﬁ;ﬁ j%'— Jﬁ ’l"fl:._ occupied resource

available resource

A} A

o infllitERFAIR: KERERFBNREENEIR, MELSIERI)IER0E
¢ inmBIERIFEIR: METNAPEERERERAEBETRRIR, (LN

FuK, Zhang S, Lv Z, et al. DIET: Customized Slimming for Incompatible Networks in Sequential Recommendation.
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Dataset

Model Method Amazon-CD MovieLens-100k

e — NDCGT | HitT |Params.|,| FLOPs| | NDCGT | Hit] ]l’m’ﬂmsl| FLOPs|
= e B L O R

Base 0.0386 0.0529 1.3107 (.2086 0.0517 0.1077 1.3107 0.2086

Sl S A/ 4 AS
llﬁ'ﬁ{)rlxu %Hj‘/_\@j:mﬂy SASRec | DIET 0.0425 | 0.0590 | 00410 | 0.1154 | 00635 | 0.1319 | 00410 | 0.0416

Improv. T | 10.96% 11.53% X 31.97 x 181 22.82% 22.47% X 31.97 % 5.01

0.4922 0.0586
0.0154 0.0488
% 31.96 % 1.76

%%ﬁ?&ﬁ%éﬁﬁ&ﬂg |‘Dj@j_ E@E¥M$}ﬁ1§§ﬁj Base 0.0310 0.0424 0.4922 0.0586 0.0569 0.0719

Caser DIET 0.0356 0.0488 0.0154 0.0294 0.0617 0.0771
. Improv. T 14.84% 15.09% % 31.96 % 1.99 10.42% 7.32%
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User intention
|changes, while

theRShasno L. s===== 'Y

real-time
feedback

_______________

expose

cloud
sever

N |

AdaRequest
inserts a
~ Tirequest

Paging request

Add AdaRequest

r—‘—!——’
i

TS i
i | Analyze user
i behavior and
intention in
real-time

Fetch better
recommendations

=== timely from the

cloud by inserting
arequest
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0.06 |
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ann
N

0 .. 100
Position

>
F
]

150

Increase in Transactions (%)

0

WHIR NS SHEIFEREN P oEEIERA, SEURMIRSS SinEFASEAIAIE, 7

PP R 3R AE 2 A R ) B T

0 0.2 0.4 0.6 0.8
Probability of inserting requests randomly

Xufeng Qian, Yue Xu, Fuyu Lv, Shengyu Zhang*, Ziwen Jiang, Qingwen Liu, Xiaoyi Zeng, Tat-Seng Chua, Fei Wu. Intelligent Request Strategy Design in Recommender
System, KDD 2022
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Attention

cands_emb

[ Control Loss ] [ Treatment Loss ]
Attention Attention

Treatment Logits I
Val UG Wal LIE
- _ Control Logits I (_) Uplift Logits
: n |

Control Net

Uplift Net

Fyser: user attribute feature ——  Concat

F context: Session context feature

o m pem e

Xufeng Qian, Yue Xu, Fuyu Lv, Shengyu Zhang*, Ziwen Jiang, Qingwen Liu, Xiaoyi Zeng, Tat-Seng Chua, Fei Wu. Intelligent Request
Strategy Design in Recommender System, KDD 2022
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PRinN NoQ RandQ PoolQ StaticQ AlQuery

RUR P E 45 R A2
SHEEFE R EFERIC)R ANB e PE TG 5%

10 0.889 1.174 1.177 1.130 2.289
20 1.660 2.197 2.164 2.045 4.173

i_'f;%:%h j( B P& éix:ﬁ? %U?ﬁ
vee s ICEIRT TNl KR + 3 == W A S Gy : (P i 22 2 JeMH)
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I The RS exposes more :
| itemsrelatedto

ease in GMV (%)

Xufeng Qian, Yue Xu, Fuyu Lv, Shengyu Zhang*, Ziwen Jiang, Qingwen Liu, Xiaoyi Zeng, Tat-Seng Chua, Fei Wu. Intelligent Request Strategy Design in Recommender
System, KDD 2022
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r(a) Collaborative Training

Independent Training
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 (b) Collaborative Inference

LLM for Recall (&)

k&Wﬁﬁﬁsﬁi,
(B T A | AR

HEEE TSR liﬂu%‘fmﬂ FES

MRS LN TESHNER,

(c) Collaborative-decision Request Dataset Model | NDCG@s | NDCG@10 | NDCG@20 |
- DIN (RT) 0.0079 0.0106 0.0135
o s ] e O o T GRU4Rec (RT) |  0.0081 00105 0.0129
B3 ||| 3551 68 [T SASRec (RT) 0.0066 0.0096 0.0127
NESE P5 (RT) 0.0227 0.0257 0.0289
(| =) [Rek| 1 [ 2] 3].. DIN (NRT) 0.0017 0.0026 0.0042
"% Tem | 7038 | 3551 | 2007 .. Beauty | GRU4Rec (NRT) | 0.0017 0.0023 0.0031
e SASRec (NRT) 0.0014 0.0021 0.0032
+ o] 1 [ ; [ 3 = PS5 (NRT) 0.0087 0.0108 0.0136
Ours (P5+SASRec) |  0.0094 0.0126 0.0154
Consensus
Tist ImProve 841% | 16.16% | 13.45% |
mm DIN (RT) 0.0046 0.0063 0.0081
Difference T GRU4Rec (RT) 0.0050 0.0073 0.0098
" SASRec (RT) 0.0052 0.0073 0.0101
o P5 (RT) 0.0187 0.0204 0.0221
Toys DIN (NRT) 0.0007 0.0010 0.0017
GRU4Rec (NRT) |  0.0009 0.0015 0.0020
SASRec (NRT) 0.0015 0.0020 0.0026
P5 (NRT) 0.0066 0.0078 0.0090
— ——— Ours (P5+SASRec) | 0.0066 0.0084 0.0096
e NN kalk e Improve 0.46% 7.33% 6.76%
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https://www.searchenginejournal.com/33-of-people-are-now-using-voice-assistants-regularly/321413/
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https://blog.csdn.net/mingzheng114/article/details/120071907
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Please arrange a trip to /cw York, <. ﬁﬁﬁ—} %JI"L[ jalJ

g 25 % . B, R R

Budget Weather Diet

§ Make a trip plan
Day 1: Budget-Friendly Exploration v . g’g —_— 9{ N g’g : 9{ o o o
Start your day w.'th a balanced Q
breakfast at ! tidien ‘
( Day 2:.

4
@ y O (0,) T SR A

Google Flights Expedia

T80 FTFTEEAPP. A, BN, B,

Airbnb  Order History ﬁtz—gjjz :ﬂ*ﬂ;,firﬁAPP\ M\T—J_:l iﬁ])\ %;115—‘]

Fﬁg Book a comfortable hotel

, $72
malbeforetaxes Reserve S
l EQ 19-20

Generalist Virtual Agents: A Survey on Autonomous Agents Across Digital Platforms
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FE (MEFAFRE GUI)

@ ® 1 f
® 2
[ (o)

Tenceni

Planning

Grounding
Plans Codes

| Type Query
| Click ltem

........................

Various Platforms

== AR

Mobile Desktop Web

1
_ TypeQuery |

1
Click ltem |
1

(M)LLMs) g9%58
FATEIRE (WEBKFIFY) EEIHITES.

=J\ 113
eVIE, BERERIER S (OS) IREATIAIRH

7~ OS Agents: A Survey on MLLM-based Agents
= for General Computing Devices Use

Xueyu Hu" ¥, Tao Xiong" ¥, Biao Yi' ¥, Zishu Wei®»*

Ruixuan Xiao', Yurun Chen', Jiasheng Ye?, Meiling Tao®, Xiangxin Zhou**,
Ziyu Zhao', Yuhuai Li', Shengze Xu®, Shawn Wang’, Xinchen Xu', Shuofei Qiao’
Kun Kuang', Tieyong Zeng®, Liang Wang* %, Jiwei Li!, Yuchen Eleanor Jiang®,
Wangchunshu Zhou®, Guoyin Wang®, Keting Yin!, Zhou Zhao',
Hongxia Yang®, Fan Wu'®, Shengyu Zhang" ", Fei Wu'

!Zhejiang University *Fudan University *OPPO Al Center
#University of Chinese Academy of Sciences
JInstitute of Automation, Chinese Academy of Sciences
%The Chinese University of Hong Kong "Tsinghua University *01.AI
“The Hong Kong Polytechnic University '°Shanghai Jiao Tong University

{huxueyu, sy_zhang} @zju.edu.cn

https://os-agent-survey.github.io/

https://github.com/OS-Agent-Survey

EiEal . REELLM/MLLM based OS AgentsHUtEEIZEH) 51114
ik (Pretram SF T. RL),

EEEESS: Mo RREN. K. 1212801750,
HMEEEE: 1$2IE SATIIERITE G, TEEER,
REMEFEEETRFE. NELURES.
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Stage 1: Fundamental Abilities

GUI-Specific
GUI Understanding:
e Screen2Words
e Screen Annotation

Question Answering:
e ScreenQA
¢ Complex QA

Instruction Grounding:
e RicoSCA
e Widget Caption

General

e [1aVA-OneVision
e PixMo

5

+
Insiruction

Answer

» Reflection: &

Screenshot

Insiruction

Y

Answer / Action

Tool Usage
e Glaive Function
Calling

Insfruction |]:> Action

> Native Reasoning: AR ITEIEIIESZ TR
RN EIRITENR, XSCRIRNITonHET

BRI E BT RE
Iiu, FIRTHAZE E EiA R FFd

1} 71 -LJ:

Stage 2: Native Advanced Reasoning

@ Task: Set an alarm for 7am.

Current

History

(

e Reflection
Prior

Expectation

§ Expected to open clock app by tapping icon... (Succeed )

A —

Environment

\/ indy

Hierarchical Reasoning

Strategic Layer:

Tactical Layer:

Vv

Summary: Home screen — App Drawer — Clock interface
Planning: Alarm tab — Create new — Set 7am — Save

Current Step Reasoning: Need to access alarm tab from current
clock screen with multiple function tabs

Grounding: Tap alarm icon in top left corner

(

Action \Y4
{"name": "tap®”, "arguments": {"point": {"x": 115, "y": 67}}} ]
Y
Expectation
P . . . Subsequent
Alarm tab will open showing new alarm option... ,59 Reflection

S BEVRREDS B A THETE
, LAIRFZ 2R —

Ut

|:> LR H

RIHAT s AN
JZIRAHERE,
FEXT KB AT
shHE i

B—P B
FE [l 312 R 25
PRIEH AT 3)
W, HEam
REAARHE R ) —
S

Model & Datasets: https://github.com/Reallm-Labs/InfiGUIAgent
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> MARRERIIRERELA (BaEA. JIVES) | 5 OS Agent R A EEATHEIGHEMEEANIE.
> 33 OS Agent RIERIA=R DX, RBISREBFRHERXNE SN, HmEItEEEm Agent BFURRITE.

IEEN POETIE =S
\
52i L
Find a paper Receive Instruction Embedding Add noise to the image, causing the LLM to
named ... and read the screen Adversarial text or interpret it as a picture containing a human
image in apps
www
o
I

IR
Write an .., the last email also
email to ...
e &

sned to xxx@gmail.com

Agent

User 1ok failed

Find a image Receive Instruction
with human ... and read the screen
S \ \/
User AGent T s .
9 - Use my Credit  Execute Embedding ‘
| stole the email . I got the email Card to buy ... instruction ) eeee(@) invisible forms
N 3 e -

1} ‘ i in web pages User
== ﬂ 5
s 5 — — This is not
= ' |} the image
Attacker OS devices User2 | wanted

OS AgentiZEAN
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WIGFHIIEERNIES R KRB EE TR IR

B TE A AR G R R SRS AR B R R B AL EE

w%@mmmuMﬁ%u&%ﬁﬁﬂ@ﬁﬁﬁé&@ﬁﬁﬁ&ﬁ%

> KB HE)IIZRE SRR DR RIRT g R 2 5 B i hEe
T 1 T ZEETIE BB A HIJEZHLHT BB
N\ . e
E ?‘Zl\ '1E T I1E$¢ ==
— R Question: Chase w: buy 4 kil f oval beads and 5 kil of star-shaj .
ll)) St Eralation | ( &) SEAT b:zls?i:wynmu;gvjﬂl he s:ema:’fl;:n: i;muféfa; oaNn:wel ﬂinqueslimlo g:;mmsr:q;;: fmng‘;‘: - o 3‘:“ MathVista
; answer and provide th fina value, ez, 1, 2, 3, at the end \nSolution: tectangua beads am A
R e AT G 2 el Mettipd Average  Multichoice Free-form  Text  Inleger  General VA  Math-targetad VA
, “ aw answer: The answer is 18 star. shapurd boads $2kilogpnm — = ikl
n Synthetic Data Augmentation o gy S2ndkogmm Base (inforence) 02850 04407 01022 04407 01124 02389
= Infirenaz 4 kilograms of oval beads cost $2/kilogram, so Chase wil spend $4 1% $2 = S8 on oval  harl-shaped beats SUkilogeam Base (evaluation) 03530 0.5407 01326 05407  0.1459 0.2833
" L .g beads\ns kilograms of star-shaped beads cost $3/kil ., so Chase will spend $5 \\* $3 = $15 on e sl S2ndloggam Finetune (inference) 03160 04481 01600 04481 01770 0.3130
; i SitRelectionl | ® s shped tea' s, R RIS ST Finene (evalugtion) 03490 0.4926 01804 04926 01986 03444
EMipy  CoT Inference on Fualuabort There were no mistakes inthe previous reasoning proces. The fital answer i $23 Tower-shaped bonds  S26ogam CoT (inference) 03380 04815 01696 04815 0.1866 0.3426
Finetane: Raw Image CoT (evaluation) 03760 05352 01891 05352 0208] 0.3593
CoT Inference Seif Reﬂrr:uon {rkerence RSN SEAT (inference) 02760 04278 00578 5

(<) Augmented Self-Evaluation

Evaluationr The answer is No mistakes, the answer is 12

CoT Inference  Self- Reﬂed.mn

BRI EEEIZ

LLaVAvV1.5(7B). Qwen2-VL(2B){E B BIEiR)||%4E

Evaluatior In the previous reasoning process, we calculated the cost of the oval beads and the star-shaped beads separately and then added them
together. We found that Chase will spend $23 on the beads.\n\nThere were no mistakes in the previous reasoning process \n\nThe answer is $23

CoT: Cas-SEAT {inference)  0.3390 04889 0.1630
Inference: To find out how much Chase will spend. we nead to calculate the costof the oval beads and the star-shaped beads separately and then add Cas-SEAT {evaluarion) 04500 0.6222 0.2478
Outpu them together \n'nThe cost of the oval beads is 4 kilograms x $2/kilogram = $8.\nnThe cost of the star-shaped beads is 5 kilograms x $3/kilogram ~ 31.09%
EMLLM $15.\n\nTo find the total cost, we add the cost of the oval beads and the star-shaped beads together: S8 + $15 = $23.\ninTherefore, Chase will spend $23 Improve 19.68% BTy JELL
E) on the beads n'n|The answer is $23

SEAT:

Inference 1. Self-Evaluation:\n\n* The image shows a table with different types of beads, including oval and star-shaped beads.\n* The table has a
price for each type of bead.\n* The fask is to calculte the fotal cost of buying 4 kilograms of oval beads and 5 kilograms of star-shaped beads.\nin2.
Final Result:\inThe answeris $2-+ $3 = $3

Ewaluatior 1. Self-Evaluation:\n\n* The image shows a table with different types of beads, including oval and star-shaped beads.\n* The table has a

SEAT (evaluation) 0.2850 04389 0.1043

Method
Base {inference)}
Base (evaluation)
Finetune (inference)
Finetune (evuluution)

price for each type of bead.\n* The task is to calculate the total cost of buying 4 kilograms of oval beads and  kilograms of star-shaped beads.\nin2. CaT (inference)
Final Result:nnThe answer is $2-+ $3 = $5 CoT {evaluation)

CasSEAT: SEAT (inference)

Inference To find out how much Chase will spend, we need to calculate the cost of the oval beads and the star-shaped beads separately and then add SEAT {evaluation)

them together.n'nl. Cost of oval beads:\n - Quantity: 4 kilogramsin - Price per kilogram: $2/kilogram'n - Cost: 4 kilograms * $2/kilogram = T Cas-SEAT (m_f'm)' 0.1

$8nn2. Cost of star-shaped beadsn - Quaniity: 5 kilogramsin - Price per kilogram: $3/kilogramin - Cost: § kilograms * $3/kilogram = $15\oln3. Cas-SEAT

Add the costs together:in - Total cost: $8 + $15 =23 - 2
Evaluatiort Reflection\nnln the previous reasoning process, there were some mistakes. The initial step was to calculate the cost of the oval beads and Jopeoie 15931% AN LI

ihe starshaped beads separtely. Howeve,the cleulaton forth sar-shaped beads was incorec. T price per logram for star-shaped beads was
$3/kilogram instead of $2/kilogram. This led to an incorrect calculation of the cost nTo correct this.

s using the coret price er ilogram. The correct ric p klogram for starshaped beads i
of the star-shaped beads is as follows:\nin- Quantity: 5 ki
we need to add the costs together-\n'n- Total cost: S8+ $10 = $18nin

(REBIRE B 4EiEIERE D, NIRRT BITIGRE

=, [ERERFT20%

EERHF A LEHEIEETEAEFH,
TCHEBRKEHENHEITE =

Zheqi Lv, Wenkai Wang, Jiawei Wang, Shengyu Zhang, Fei Wu: Cascaded Self-Evaluation Augmented Training for Efficient Multimodal Large Language Models. CoRR abs/2501.05662 (2025)
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