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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.

DeepSeck{ERAFLAM TR SEHT 7 REREIF, &
2048RIEEHIXHS00 GPU  ($H33PEMHIHAMERERGPU) &
B L5eR)lgk, FIR T KIESEEILAIKE N OIIFEIR
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https://openai.com/index/hello-gpt-40/




GPT-40: By my eyes

https://openai.com/index/be-my-eyes/
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® 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,
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® SRIRERTFCIESTRIIE. MEN. RBEA. BAIZEFHHEIRE

H 51723 (Gan et al.) 3DJEE (Lv et al.) HEFE R4t (Qian 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
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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SRR E: One (CKEERL) to Al (/PMEETL) AR

R R IR =0 ) /AR T A B HEZEModel GPT
ModelGPT + H P B 1Y f5 SRR + D BHE =(HEHAE ) FFARIA/IMERL, 78 All-
in-One B@i@ﬁﬁﬂ&i@?’@ﬁ?_%, WI2PERZE One-to-All BJRJBEME, N VZ R/ NEHE .
NE T (Avw) « BN H I s R AL ATTR S

ENLP, CV, FiTabular Data LB 5 3E4E FEATI60E, PEEEEEFinetune /774,

@@ ModelGPT

(&Y aer Vgt —= Cusionitecd M [£3) Requirement Generator Model Customizer
Please give me an artificial intelligence model, making it | {(" ; - s
b eneral requirements to instruct LLM
best suitable for [User Datal /[ User Description] . ||| 4 AL I Model Type Recogrition
[Example case study and analysis for LLM to imitate] vl o~
Generator 1
| mage  Text  Tabular
TEge) Image
Now. I will present a new batch of data along with their
background information. The images are included Multi-class
i within the passage. 2 || gz @ K
T o They are taken by a DSLR camera.
;
; | Please help me discriminate the category of Text _ Text > DistillBERT
g the given images. These images are office Scissors Mouse  Bottle Bike Classification
supplies taken by a DSLR camera. This is a multi-class classification task, where
% each image features office-related items with a T
! shallow depth of filed, a characteristc effect of Tabular e > mLp
Text usinga DSLR camera. Classification
They drank the pub dry. — acceptable Text
& | They drank the pub. — unacceptable e - Generator
& | The professor talked us into a stupor. — acceptable Next, I will give you a batch, act just as I instruct above.
[sentence] They drank the pub dry [label] Requirement Latent Space
The professor talked us. — unacceptable acceptable el NI
, [sentence] They drank che pub [label] Customized
7 unacceptable. T
g Please help me discriminate whether the input lfem m[flab:ff prof
. B stupor ac .
O | sentence is semantically acceptable. e Cuomized | /33 PP
[sentence] The professor talked us [label] paccuey Aggregation
€ layerl.0.cony1
unacceptable
Tabular _ This is a task of text classification to recognize pam——
) whether the input sentence is semantically
Sepallen SepalWid Petallen PetalWid  Label i e T
51 35 24 02 lrissetosa .
s 58 27 41 | Irisversicolor Tabular E i P—
& 19 25 45 07 Iris-virginica Customized e
Mind that you should describe the batch as instructed »‘4]““}; n:
54 34 15 04 Iris-setosa above use ONLY 1 sentence. St
7 Next, I will give you a batch, act just as I instruct above. Module Wise Parameter Finetune
7 1.
; : This is dataset Iris. Sty (@)
g | Please help me classify the tabular data from i palwid":3.5,
=] the dataset Iris. 0.211 [label] All-Paras Finetuni
* Users can choose to provide labeled data or descriptions, or both W ] 0200,
‘ Data Model —
: T Zihao Tang, Zheqi Lv, Shengyu Zhang, Fei Wu, Kun Kuang:
image Seneine || Customizer s, This is a task of tabular dlassification to ” ’ s ) .
3 - ize which type of iris plant the input is. User Generated | LORA : (] 1141 1
User (8 ModelGPT Generated ALY =20 .
Text Output Data Model . g p
— - ode nleashin s Capabilities for Tailored Mode
Tabular g Mipellne <77 Generated Model

Generation. CoRR abs/2402.12408 (2024)
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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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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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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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Cloud to Device ~ Cloud for Device ~ Device to Cloud
(C2D) (C4D) ' (D2C)
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DeVLBert/DeVADG  AUG-KD AdaRequest DUET IntellectReq DIET/ FedCFA/CausalD
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o NEEHIRITBERB R ERANRRESERFR, (CFAREEDARIEEI)GEES T (5
) AMEESUIREIESf (E48R) BRMIEYMESfRiR (11D Hypothesis) .
® SR AT, IREHIENINASSFES RS, SHERTEEESETE.

JRZE SRR (11D Hypothesis) : JR# MBS (MASR) MALFEDM. HEIIFLT
BEAT RIVRZR T, VRIS RN R T AR B 45 A5 2 5E il H AR sl 55

ResNet-50EAREIRE TR HiRIEEIEEIMERELLIR

® LE A Hbx-

min  _ [ , , + S
o ZHEN, WM R imE ( # |
DEPES <)% WAL ik e |
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® ,ﬁ%ﬁz_ , ﬁ*ﬁ@éﬁﬂj E‘J%ﬂiﬂﬁ*%ﬁ&ﬁo Office-31 Office-Home VisDA-2017
mFiktEEE m BintETEsE

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

KDD 2024 Research Track On-device resource
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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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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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https://openai.com/index/introducing-operator/
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® OS Agents 2—MET (Z1RT) KIESEE (M)LLMs) RUFREHE, @ITRIFRIFRSE (0S) RRARIAEEA
RE (MEFAFFRE GUI) , FIFTEIRS (WBIKFIFIL) RKEFHITES.

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

o HAHEA!: REELLM/MLLM based OS AgentsHItEELEER 51l 2k

Fi% (Pretrain, SFT. RL),

EREUMELSE: Mo AR, X, 1812701730,

o THESEE: FMATIBENT AN, TEER. FEEix;
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Model & Datasets: https://github.com/Reallm-Labs/InfiGUIAgent
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GeD -l OS AgentfEAEHEZ TR EANKENFM, NTFHPRMESHEMITIE,

AEHE (FEREAN. XITUEAR) . R OS Agent K ZEFTHIGRIE NI,
=7, FRISREFHIRRIESIN, HsxIEbs2m Agent AIRRIIEE,

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
Write an .., the last email also Execute hijacking
email to ... sned to xxx@gmail.com instruction ‘ — &
; /—J # %
U — Agent stop action; Find a image Receive Instruction
ser Task failed output fins with human ... and read the screen
el mobilelERESE A
User Adent T
9 : [ Use my Credit Execute Embedding - )
| stole the email l | got the email l Card to buy ... instruction invisible forms
in web pages User Agent OS devices

Attacker OS devices User2 User Agent

This is not
the image
| wanted

OS AgentiZREAN webigIREFN 0OS AgentXdHitEA

Yurun Chen, Xueyu Hu, Keting Yin, Juncheng Li, Shengyu Zhang: AEIA-MN: Evaluating the Robustness of Multimodal LLM-Powered Mobile Agents Against Active Environmental Injection Attacks. CoRR abs/2502.13053 (2025)
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GEHL T B TIE R EEE S AR S RS AR R B B 1Tt AE

RREEIHEIE B RO M S R E R IHEEIES
7%, EREZEEITHMHNGINE, RIFEYEEEREE NIRRT SRS BIThEE

Raw query: Question: Chase wants 10 buy 4 kilograms of oval beads and 5 kilograms of star-shaped
‘beads. How much will he spend? (Unit: S)nHint: Please answer the question requiring an integer
answer and provide the final value, e.g., 1, 2. 3, at the end nSolution:

Raw answer: The answer is 18

Base:

Inference 4 kilograms of oval beads cost $2/kilogram, so Chase will spend $4 \\* $2 = S8 on oval
beadsnS kilograms of star-shaped beads cost $3/kilogram, so Chase will spend $5 ¥ 3 = $15 on
star-shaped beads \nln total, Chase will spend $8 + $15 = $23 on beads

Eraluatiorr There were no mistakes in the previous reasoning process. The final answer is $23

Finetune: Raw Image

Infrence | The answer is 12

Evaluationt The answer is No mistakes, the answer is 12

CoT:

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
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 ~
$15.\n\nTo find the total cost, we add the cost of the oval beads and the star-shaped beads together: $8 + $15 = $23.\n\nTherefore, Chase will spend $23
on the beads \n'n|The answer is $23

Evaluatiort 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." no mistakes in the i $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 task is to calculate the total cost of buying 4 kilograms of oval beads and  kilograms of star-shaped beads.\nin2.
Final Result:\n'nThe answer is $2 + $3 = §5

FEaluatiorr 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 task is to calculate the total cost of buying 4 kilograms of oval beads and  kilograms of star-shaped beads.\nin2.
Final Result:\n'nThe answeris $2 + $3 = 5

Cas-SEAT:
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
them together.\ninl. Cost of oval beads:\n - Quantity: 4 kilogramsin - Price per kilogram: $2/kilogramin - Cost: 4 kilograms * $2kilogram =
$8\nln2. Cost of star-shaped beadsi\n - Quantity: 5 kilogramsin - Price per kilogram: $3/kilogramin - Cost: 5 kilograms * $3/kilogram = $15\nn3.
Add the costs together:in - Tolal cost: $8 + $15 = $23

Evaluatiorr Reflection:\ninln the previous reasoning process, there were some mistakes. The initial step was to calculate the cost of the oval beads and
the star-shaped beads separately. However, the calculation for the star-shaped beads was incorrect. The price per kilogram for star-shaped beads was
$3/kilogram instead of $2/kilogram. This led to an incorrect calculation of the cost\ninTo correct this, we need to recalculate the cost of the star-shaped
beads using the correct price per kilogram. The correct price per Kilogram for star-shaped beads is S2/kilogram \nnThe ¢
of the star-shaped beads is as follows:\n'n- Quantity: 5 kilogramsin- P
‘we need to add the costs together:\nin- Total cost: $§ +$10 = $18\nin

ect calculation for the cost
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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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