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Our studio is delicate yet powerful. As a learning organization, we are empowered by self-drive, judgment,
analytical abilities, learning capabilities, decision-making, creativity, and execution. We deeply understand emerging
markets and technologies, integrating our technical expertise with our rich experience in enterprise services.
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Company Profile

OUR VISION

TRANSFORMING THE FUTURE WITH INTELLIGENCE & # K &

D EERD CE
Company Mission

B DA ERE TR, DARHRIRENFF,
R ERSEEE,

We are Transforming the Industry with Artistic Intelligence.
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Corporate VValues

E=IRSEIN

Customer-centric

A =
STEH R
Collaborative Win-Win

Prioritizing our customers always. Pursuing partnerships for mutual

SUCCESS.

A BIFT

Insightful Innovation

M EE
Technology for Good

Creating value through innovative Steering technology to benefit
insights. humanity.
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Strategic Partners for Enterprise Digital &

Intelligent Transformation.
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State-of-the-art Al performance on benchmarks, relative to human performance
BEHFARERR, EEENRTRESSENATEELERE

@ Handwriting recognition @ Speech recognition © Image recognition @ Reading comprehension

FEIRA EEIRG BERIRG) [DiRER

@ Language understanding @ Common sense completion  Grade school math @ Code generation
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XRunda Al xMaas Solution
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XRunda Solution Customization

BIHAZ 18 v INEEX ISR
Consultation Project Planning Project Research
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XxRunda - Solution Customization
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Adapter Fusion Tuning Prefix Tuning

IERMA
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Al Infrastructure &=S8at A RER T IEER

SaaS

MaaS
[RENBT AR

Native Application
AMIR@ES|E
Knowledge Vector Engine

oo REGIE A
Model Fine-Tuning
EWELRS

Enterprise Intelligence

Fll R R AE B
Pre-trained LLMs

= N it
Foundation LLMs

1T ARAREY
Industry LLMs

KRB AT B8R Rz
Model Repository Al Driven Apps

XRunhda.com
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Foundational Model Layer
Ex: GPT-4 (OpenAl), LaMDA & PaLM (Google), Stable Diffusion (StabilityAl)

End User Devices
Ex: Smartphones, Computers, Headsets

.- numnov\c
OpenAI B

stability, ai

Closed Source & Open Source aws oQ Meta (z
+
Model Hubs & Tools O aws BB ®
Platform for sharing and hosting models -
End-to-End Apps Tools for data labeling and fine tuning 88 Wuggiag Face ‘”»':n"
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& GitHub Copilot ™
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Development Hyperparameter Tuning Model Risk Management Alignment Tools Paas
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Code Management  Distributed Training Interpretation / Explainability Evaluation Vector DB

A Bl F > SCE [ R IRERAN ST AR E Al FhE)E

Orchestration AutoML Experiment Tracking & Metadata Store Al Middleware

LMOps
MN2EFS)F B Machine Learning Platform % Machine Learning Security
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Data Governance Data Labelling Exploratory Data Analysis (EDA) Privacy Computing
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Feature Engineering Synthetic Data Data Versioning & Management Data Security
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Agents

Executors (Chains)

ReAct

(Reason-Act)

Conversational QA

Vector Stores
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Technical
Solutions

P27

REMNARZRAB R

COETMYOLLM N MR

- Prompt Engineering

- LLM Plugins
- Function Calling

- Code Interpreter

P53
PUErAE
e B SIE C2e
TR

P33 P39
MiREESIZERE BRERERARE
- Chunk - Pre-training
- Embedding - Prompt Tuning
- Recall - Prefix Tuning
- Knowledge Base - Adapter Fusion Tuning
- RAG - Instruction Tuning
. SFT
. PEFT
P62 - P-Tuning
xMaaS &/ A E e
- LoRA
- LMOps /A% . QLoRA
- XMaaSs %

- Knowledge Distillation
- MaaS F¥&
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Technology Stack

Web2 THE# Web3 IE% Al TE#E
#£7 ZA/ITHR BRI £5 KA/THR ERh= X5l BA/ITHR ERES
BIEFF & React Wi, APPRIFF FREA L XHREEF R Solidity Ethereum&HEEAF A ETFLLMBFALR GPTRZI BEER. ER
Vuejs Wik, APPHIENSREI&IT Vyper ZENEESHFLR BERT NXADH. PE
Angular SBTEMNAFR Ethereum DEINAFAR Transformer oIk, EhE
R8T CSS/SASS/LESS Tzt Binance Smart Chain B X R & Hugging Face Transformers & EL)I| x4
Bootstrap MRz =35t Polkadot ESHERAN OpenNLP ESE
Tailwind CSS PRIERFERIZIT NFT OpenZeppelin NFTIREN S AT & ZIESNABFR  OpencV ERLIE
BigFFE Java AR, APIFF & Truffle XEREEF R IE TensorFlow Image [E{&iR 5!
Python RGNS APIFFR DAO Aragon PBXARFR Speech-to-Text BEENR
Node js SERTRIFE . BERRSIHFR DAOstack DAOMYFN R FAFF & Text-to-Speech XAREEAES
Ruby IRERFF A BRFAITE Multi-Party Computation HUEIRFARI FMRE RDF FMREE
8wk Android (Kotlin, Java)  Androidim/REF A DID Decentralized Identifiers SHIIEFIERE SPARQL EiE &
iOS (Swift, Objective-C) iOSIHEREAEF & More... More... More... Langchain BEXpE FIEE R B EIBE DT
BELFF R React Native iOSFIANndroid B & F & PromptI72 Custom Prompt Design E il el RRAEIR T 2R
Flutter iOSH1Android S EEEF A & More... More... More...
IVEFFR WeChat Mini Program  HE\ERFFE
Alipay Mini Program AR ERFA
More More.. More...
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Technical Solutions
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Emerging LLM App Stack

L MTAAKIRE

Contextual Data Pipelines
""""" > (Databricks, Airflow,
data Unstructured, ...}
i
\
» -~
Prompt Playground
Few-shot — (OpenAl, nat.dev,
Humanloop)
examples
Query
App Hosting

Qutput «—

LEGEND

(Vercel, Steamship,
Streamlit, Modal)

v

Embedding Model

(OpenAl, Cohere,
Hugaing Face)

Orchestration
{Python/ DIY,
LangChain,
Llamalndex. ChatGPT)

\A A4

Gray boxes show key components of the stack, with leading tools/systems listed

Arrows show the flow of data through the stack

- - = =p Contextual data provided by app developers to condition LLM outputs
- Prompts and few-shot examples that are sent to the LLM
———p Queries submitted by users
~——p Output returned to users

Vector Database
(Pinecone, Weaviate,
Chroma, pavector]

I
I
I
1
1
|
v

APIs/ Plugins

(Serp, Wolfram, Zapier, ...)

LLM Cache

(Redis, SQLite, GPTCache)

Logging/LLMops

(Weights & Biases, MLflow,
PromptlLayer, Helicone)

Validation
(Guardrails, Rebuff,
Guidance, LMQL)

Enmerging LLM APP Stack
J TR i

LLM APIs and Hosting )

Proprietary API
(OpenAl, Anthropic)

Cloud Provider
(AWS, GCP,
Azure, Coreweave)

Open API
(Hugging Face, Replicate)

Opinionated Cloud
(Databricks, Anyscale,
Mosaic, Modal, Runpod, ...)

@ Enterprise
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Technical Solutions
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5 \’EE Generative Artificial Intelligence

28 10

Visual Understanding

BE&iR%I (Image Recognition)
ARR%I (Face Recognition)

W ERIAE (Object Detection)

HRIEHE (Scene Understanding)
BE5{ET (Pose Estimation)

E& 5 &l (Image Segmentation)
H5T4HT (Video Analysis)

MatEZ (Visual Question Answering)
FE#R5E] (Cross-ModalLearning)

2 (Multimodal)

RFE L)

Drawing

EBE&4RY (Image Ceneration)
B (Image Editing)
g (Image Enhancement)

EhE & & {Animation Generation)
3D ##& (3D Modeling)
IFECIPL (Data Visualization)
FEIRBS 4R (Handwriting
Recognition and Generation)
i E e (Scene Reconstruction)
fSRERE (Video Generation)

TS'Z7|Y 2023 ERMAALE

i )

Reading

E YR (Semantic Understanding)
MRS (Text Classification)
WASH (Text Analysis)

#2282 (Machine Translation)
{5 B #E (Information Extraction)
NAHRE (Text Summatization)
{EEMZ (Information Retrieval)
[C1E R

(Question Answering Systems)

i 12 50 X

Understanding

(Natural Language Understanding)
BAESHIE

(Natural Language Inference)

B X597 (Semantic Analysis)

BIESHT (Sentiment Analysis)

B W2 (Semantic Search)

EHIEME (Context Understanding)
sERE (Entity Recognition)

* ZhEY (Relation Extraction)
ZHRTIESE (Multimodal Understanding)

25

Writing

)

B on -c = _-thJZ
(NaturalLanguage Generation)
XAAEIE

(Text Correction)

REERER

(Code Generation)

BEEXE

(Speech-to-Text Writing)

ok ag
AE BE

B

20

®
Listening A
51175 (Speech Recognition)
BEER

(Speech-to-Text)

BEEE

(Speech Translation)

1B

(Speech Emotion Analysis)

MIERE

(Dialogue Systems)

1245 ((#)
Logical Reasoning

#I2S|% (Inference Engine)
WFRHEO)E

(Constraint Satisfaction Problems)
J2443#1E (Inductive Reasoning)
JRIZHIE (Deductive Reasoning)
BAFHHT (Data Analysis)

#30iR% (Pattern Recognition)
HIRERT

{Knowledge Representation)
MiRENE (Knowledge Graphs)
AzzU5E10E (Formal Verification)

fB% y
Thinking

REFHF (Decision Support)

[cl§fiR% R (Problem Solving)

BailZl (Automated Planning)
#1223 =] (Machine Learning)

iRt 3] (Reinforcement Learning)
L% (Optimization Algorithms)
{#ziR%I (Pattern Recognition)

#F E4E (Recommendation Systems)
BiERNSY) (Adaptive Learning)
{HELZH (Simulation Modeling)

F 28 (Anomaly Detection)
MNEE (Knowledge Graphs)

TR 4 (Predictive Analytics)

£ EEIR (Agent)

H 5 %EE (Embodied Intelligence)

i o

Speaking

iIZHE AL (Speech Synthesis)
EEIRz

(Speech Recognition)
IERE

(Dialogue Systems)

(EREY e

(Speech Translation)
EENRE

(Emotion Recognition)

8% o

Innovation and Creativity

THREM (Music Generation)
HRER (Sound Effects Generation)
Bahi&Ed (Automated Composition)
BIFE4ER (Creative Generation)

=@ BU%h (Product Innovation)
ABSHES TR

(Content Recommendation

and Personalization)

LREERIS TR

(Intelligent Simulation and
Prediction)
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Technical Solutions
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Prompt Engineering 2
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Best Practices
For Designing Effective
Prompts

Assign Role

“Imagine you are Business Development expert in
Supply Chain with over 15 years of Experience in

X field *

Styling Output

“Messages and email should be informative, should
have valid used case, and offers a clear call to action
as well”

Be Specific

“Imagine you would like to invite X" to discuss how our

supply chain management services can help your
business reduce costs and increase efficiency”

Add Conditions

“You also must select the right use case and case study
to be mentioned in emails and LinkedIin messages from
the provided list."

Provide Data

“Your company description is this “COMPANY
DESCRIPTION" and your target client description is
this “TARGET CLIENT DESCRIPTION" and your target
client is working on “TARGET CLIENT'S USEDCASE"

T Prompt HAT4EM . ABRFLERITIARY Al 5K, IBRIEELRH A BRE T

— MRERVGEE, MBI HIR A A &

REBEEMESF

W S PTRMR ZERARE

L%
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Technical Solutions
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LLM Plugins #aiF#s

Plugins are tools designed specifically for language models with safety as a core principle,

and help LLMs access up-to-date information, run computations, or use third-party services.
BHFEEANZEZAROENMNESREMTN IR, IEBRKESREBN&EMER. BITITE
SERE =R,

KRERILIER RERMREER K RAFATIRIF

OpenAl Plugins

TERMRSETAC
ISR
S

Plugin store
Plugin store

Plugin store
Instacart
Klamna...
Instal
m Speak - Al... -

Install O

Install

Zapier

E zapier ol &
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Function Calling &g /A

OpenAl Function Calling

[ ) What's the weather 1like in Delhi ?
User !
Message |
v

OpeAI Function calling API

|
:
)

o

»

&

q-----

External Weather API
1
|

v

OpeAI Function calling API

v

\/ \

bR Z (2178 A] DAL EAR B ) — B KV FH R
HHUER, HEREEmBEANEREE
B UREREEE ST SHER.

The current weather in Delhi is misty. The temperature is 29.05 rB= _%q]jﬁ L\l:,jj ,39|\ﬁ|3 / A ?1‘7_
c% degrees Celsius with a humidity of 84%.' JXKE T_rGPTHb - ] I/E\- Aplﬁ R

Natural Language
Response

User> Who is Leonardo Di:o\eﬁo's \—‘ 1

current ﬁIl‘!@f‘ieno(?

AT S I,

;\_( ChatGPT> I don't know. Let me do
web search For this information.

User

"What is the weather in Boston?*

e
P . < %
l
2 g ur 5 Text of page at
/ f 3 \ \\ urlt
We_bSe_archP,ugin HTML Seroping Pluﬁiv\
uell, wel2, w3z
ChatBot OpenAl | | 3rdAPI

>
>

Chat Function Calling

Y

< get_weather, location=Boston

Call get_weather("Boston”)

Y

_ Get the result ("Boston weather is 22 degrees Celsius.")

Send the response back to the model to summarize

\J

__ "The weather in Boston is currently sunny with a temperature of 22 degrees Celsius.", “finish_reason": "stop”

<

__ if *finish_reason": "stop” --> Pass result to user

<

User

ChatBot

OpenAl | | 3rdAPI
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Technical Solutions

SEFAHT

Advanced Data ANnalysis & 5EL

TWRRINRIBHERERE, TR TRTPythonilA, RIFAFPAEEMEIERIENTA

s
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S
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o tired _ "
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nhether White thought chain
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3D Surface Plot

1

ur
t

S nothing twice
Y avalr “
sation | ) )( ‘
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]
-

bit

1 \day
hot _ peeped "
|

w > =

08800;

+ Solving mathematical problems, both quantitative and qualitative
RIREF )RR, BFEEEME LR,

- Doing data analysis and visualization #{TEUED HFI AT 1L

- Converting files between formats FEANEIIE T, 2 [B)§& R 4

Code Interpreter

e
Code Interpreter D
An experimental model that can use Default (GPT-3.5)
Python, and handles uploads and
downloads GPT-4
Legacy (GPT-35)

Default (GPT-3.5) with browsing

Code Interpreter

o M Mpech Emplapees
~ R
Y 4 N
// N\,
N
// 3
( |
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hta! Nurbor of Pl{.‘.h whments ot A/"AJH ]
N /
M -
By -~
S
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> 2 N
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P35 Parsing and Chunk P38 Knowledge Base

P36 Embedding P39 RAG & Text25QL

P37 Recall
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NLTK
5F 9%
RAIES LIERMIR,
BANEFRRAN

LangChain
N AR 18) 88
L ERHE—RKE, Mme4sE

BS DM, ZHEN XA EIES
SER A K BUR

Parsing and Chunk 4 1&

spaCy
7088

IRGHES FERNR,
EANESRA

KNeans

X
%%

BN BUUEE)Fi T E%
7|Y ﬁﬂ@ﬁﬁ’??m)\ﬂ] K—means
XKL, AU A FERE,

Adjacent
Sentences X

ik KMeans RZER—L[RH], 4537l
EFINMFENEXK., EXFREEX
AR ELE I AR E) T EE AR PR AR T
R E)FEB R gEEIE X _EEX
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Embedding mE#k A

=) . ¢
) )
e * o e 0°
Word2\/eC ETF Seq2Seq BRI K 4544 | - . .‘
Glove FHmiER s <%

s ) @ '

Item?2VVecC #ERHERR e
FastText xE#Hams
ELMO ®37i)I143X 8, Stacked Bi—LSTM %244
GPT MEZA/ERE Transformer
BERT, Bidirectional Encoder @ Transformer # Encoder, Attention Bt&
Representations of Transformers L TXXR@ill4h, LA T IRZFRE
"E BB () BigE 7%
Ba-idu Ern-ie_3oo_base_2h ERNIE1.0 S¥bert base(110M) ::;: b W, 2:::5::‘19+
$Epert wiki, news, braig
https://github.com/PaddlePaddle/PaddleNLP oree (a0 aooresronion | etunng
https://zhuanlan.zhihu.com/p/523727481 ;j'z:gr'f:f:"’"gl prograsslive irifdng
ERNIE3.0 108 &c.cup!el,’ +hf::etuning [ zero-

Text2vec AXRTEREUEITE
Text2vec-large-chinese (LERT, FZkkR) Base (CoSENTZA A%, MacBERT)

AEAEF3CB, ABRNCPURIIEIT, EFCoSENTH REFHRIZGFERE, EFCoSENTAHEIEZ, EH
HBZ, BEMacBERTE R ANLERT, EMIIZGRMEART MacBERT , B¥50)FBREIZE|7684EMZE D=8,
AREFIFHA. XALENEBEBXEREFETS

Azure OpenAl Embeddings

HRLUEERA NAARERERA RIBERIRA
BRERMTHES XA PIHEERXEESSE PIATERACRS & EBRAER A
ERZ [B]9TE SR AEWEX BRIESEREN

M3E, Moka Massive Mixed Embedding

TN BenchMark £/ MTEB-zh, BiITF A2 (2200w+) B O3S E#IREH1TIIIZk
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Recall &0

A=

- BARIROE X EPRINEXALE, MMmEEER
A R FIE R B N AT 285 )

- fERBRNFRREM XA KIRAEIE X L REHEX
SR, FARHE—T DRI EELIE

. Cosine distanceRiziBE

Cosine distance

RZALE

Dot Product distance
RIREEE

L2-Squared distance
RRECEE &S

Hamming distance
X BREE &

ERERBE
Stuff

Refine  Map Reduce Map Rerank

HEFEASSHEAADR

IREARIEEMARTLIN, BR T RANRRTILS SRS 1INER
EERBIBARITFILE, BB/ NNRER 1D S5 ERNESHAZERE

EHBERERE. MEREEEER

FllZRI iR B ERMF Softmax FMIE EHITHE TR, &/IVERIREmK
AERSTREPTEDUNRITBESL, ERBE MRIEHET

-~

(RGFEIE

class probabilities

= vidco:vcnorsr, —L
! nearest neighbor et softmax
1 index i

: ey, et

serving

ser vector U__— training

“iﬁ-

[

ReLU

Self-querying
Guery constructor Vector store
. RHETE)1EEN
- XAREZ
- Text2QA
- BREROKR
- INEFRAEES I
‘ D et
g0
7-’7/ P O
(et e | —— \ e
‘ - ‘[/_Lm ) Y
[ e =
V\ AT == o
s \ 7— /?— o\ |
N -l s &
\\!‘f - ,\)/ ‘
XRunda.com J
"""" approx. top N

watch vector | search vector |
T

geographic
embedding

embedded video watches embedded search tokens

|
|+« [ZIZ21 « +
\ example age
\

gender
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KNnowledge Base iR &E

2N 1z AL 12

PDF / MARKDOWN /
WORD / PPT / HTML /
CSV / FROM

EZE TSN
EZETNTIN
SIRSER

*I

b

=
i
S

Ot
m
0
b

DB-GPT

RGNS [ BRSNS

https://github.com/eosphoros-ai/DB-GPT

Embedding creation

LLM #ZA

Prompt Engineering /

X 2
@ Emb&r}dmg '
A model J

Prompt Template /
[l & 18R

= Guest
Quastion vector
T EQ _ actovtn___ @

& p e “ 1 Qdrant |
Ver ® e @ @ Teop K Facts % )
ey o

2 1%
| wn
S AN
ERAAL
ChotExcel

DB-6PT — 2]
)
é \%é
LM 4 DotaBase

Query and retrieval

F—— 7] - Query
5> - & .
o < )
Storage Function apps Azure Cache for Azure App ° User
accounts o o ° Redis ° Service °
Translate Create Vectorize Return top k Rcs?::ts passed
(optional) embeddings | Qquery matching content with-prompt

Azure OpenAl

Azure
Translator

Azure Al
Document
Intelligence

Azure OpenAl
embedding
model

PN

Azure OpenAl
embedding
model _

&

Azure OpenAl
language model
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RAG G TexT2SQL R FiEaFE

RAQG, Retrieval-Augmented Generation

WEIERER AN ENEMELSSIIESR, BTHEINMRAR SRR EES, i)
. WES, B URBEIMNERANRE, W}EEH‘U)\E@@ @ZYZIK MWERBERAISEREE, 2
EXRIYIHE

FHTETI]T’Eﬁt‘FY A= 10l12

1

Model LLM
User Input Context  allucination Knowledge
User Intent
4
2 RAG 3
Lacks NLG,

Dialog Management,
LLM Backbone &
Resilience

Fine-Tuned LLM

External Contextual '

Reference Data

TethSQL SPACE-T & 1&ia) & 3| 2 eAlicloud
M BRELE BAES RN “e@@‘Q N
SQL TIE=, AUEPEH ( b s sl

5. FEBERE
2 EREER - RIGESIZ

L Text-to-SQL J [ TableNLG
E FRUIEFARELSPACE-T

HARAESSRBAREREREH
L@Ei)ﬁlx Eliliqﬂ% N /L;\*E/j

BEEME: SPACETRERIBRIES|%
ESEAATHNEERERSHAETR
EEFPHIBER:

BWEZM: SPACETRIIERBRE
S EIR A, BEhE T 4%
FIGEMER R ERINEA

\_/L)&_/w\_/

AHMERBAIR




P41 Pre-training

P42 Instruction Tuning
P43 SFT

P44 Freeze

P45 PEFT

P46 Prompt Tuning

P47 Prefix Tuning

P48 Adapter Fusion Tuning
P49 P-Tuning

P50 LoRA

P51 QLoRa

P52 Knowledge Distillation

P53 Reinforcement learning
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Pre-training

Pre-trained ﬁ ~ é
EAETARE A LB S B p R JU 1/” ,E
IR AR AR

*Prepare Data
*Train

T
*Evaluate

eDataCollator
eTrainer

rainer

fillgk (&) 17U K188

ARAELT AN R G E T EHEIE 17 Al 25 12 12 12
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Instruction TuNning

Summarization

The picture appeared on the wall of a
Poundland store on Whymark Avenue [...] How E /A7 SE
would you rephrase that in a few words? ;E < {ﬁﬂl[g
Graffiti artist Banksy
is believed to be

behind [...]

Sentiment Analysis

Review: We came here on a Saturday night
and luckily it wasn't as packed as I
thought it would be [...] On a scale of 1
to 5, I would give this a

Question Answering

I know that the answer to “What team did

the Panthers defeat?” is in “The Panthers

finished the regular season [...]". Can
you tell me what it is?

Arizona Cardinals ]

Multi-task training

Zero-shot generalization

Natural Language Inference

Suppose “The banker contacted the professors
and the athlete”. Can we infer that "The
banker contacted the professors"?

Instruction Tuning

2557 Pretrain—finetune 1 Prompting SBTVAIIL =,
B A B RN N BE

HNEMNMES, BIHAERL Instruction (hard token) |, B &+ Full-shot {£55_ #4710,
SRIGEERTES EHITIHE 2 EES (zero shot) . EHAR, FGESEE Unfreeze 1Y

Instruction Tuning 5 Prompt Tuning MIX 3@ 1B SRELRVIEEEEN, BIdA T ERETE

BUERGFEHTRE, NEESREXHE

S, (HEREIBRIME ERIORE

itE S

4

/)

© »
sampled from our Ehvio Blammoon several model i o is sampled from e
prompt dataset. tariding 102 & yoor f outputs are landing to 2 & yoar oid the dataset. ahioct roge
sampled. i
Y 0 =] Y
Alabeler ST MR The policy a4
o 8
demonstrates the @ “G A P generates .%.
desired output 7 bl et an output. px S
behavior. Soma peapla want ‘ ¥ {
n PT e\ Alabeler ranks
I St r u CtG ‘ the outputs from @ Do 100 ot
This data is used i best to worst. ©0-0-0 !
to fine-tune GPT-3 .M The reward model U
Language Models are Few-Shot  winsuwperised &7 | calcatss oy
learning » ) reward for N
Learners (NIPS2020) BRE  wmeos oA v
'S ) \
reward model. px2 g The reward is
0-6-0:-0 used to update fy

Step1

Collect demonstration data,
and train a supervised policy.

Apromptis

Step 2

Collect comparison data,
and train a reward model.

A prompt and

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt

the policy
using PPO.
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supervised FineTune

B

1. EREESE LFOG— TR Ms&RE, BIRER

2. REBIE—TMAIMENSRE, BIEIMREL

3. BREETH TRRE FIR 7B EIINMIMEREIRIT RESH, XERBESHEE TR
PHESE EFIRNINR, BXEMREFERE T BIRSIES

4 RRENME RS REESOMEZEEX, RAEERERATRA,

5. NEMMRERI— T8 L XN A BIinESHEELA TN ERE LR, FEntizEnNSE

6. EETAIEE DIIGERREN, JFMLIGRMEE, ERENSHHETREENS
RS R,

£ 7 245

Bert
Language Models are Few-Shot Learners (NIPS2020)

Ky Mask LM Ma% LM \ /@ MAD Start/End SpaN
. &

00—
EER A BE BEmE- |
|| P B
BERT ..- .............. . .- ..h _— b BERT
[fen |l & [ [ [ Eeen][ & ] [&] EIE] [ B || Egen |[ &/ . LJ
e “Hr e CE - o S e
()] (== (=) EE. EEENE. @&

Masked Sentence A Masked Sentence B Question Paragraph
* *
Unlabeled Sentence A and B Pair Question Answer Pair

Pre-training Fine-Tuning
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Freeze

SHFRELERB

N RIRBLER D S EHIT IR G IR, NGB oSE, A

ANHATTPEYPPHRIER P AN RARELH AT 45
Transformer layers

AEBRRYZF,

-
p—— i
-

FF __________ - v e = 2> -~
layer
: while
ra! 71
/| /1
/ /
/ /
, ‘B Z I
II Il
% Vi 1. :5 Vo .. it will take a
b M .. everyonceina
\ \
A N ...,and fora

-
-
-
-

-
- - -

self-attention layer

—
- -
—

- -

-
oo
-
—
-

A A A A A

I I I 1 |

| I I I |
Transformer layers

A

Stay with  you

A A A A
1 1 [
!

I
]
for a
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Parameter-Efficient
Fine-Tuning
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PEFT
S E BB R E

. EEREXABRFOIZRESRENNZGAEARS
Il BERFEZEI NHESHERILESH, HELURRIFAIRR
I EEXFERN NRESE, NRHTEZERE, KRR

PEFT h & B P-Tuning/LoRA i #HR2ESIENUEIENEZMIANSH
Prefix-Tuning

naMe SWIDUCKS type COMee SNOP |SEV] SWIDUCKS Serves comnee

LoRA

s R G Mixed-task
Prefix-tuning Batch
A A1 al | Pre-trained Pretrained
DI i i AN (B b Model Weights
2
I | A B
=R S M s = Task Prompts N
name Starbucks type coffee shop [SEP] Starbucks s«averi oiiles (20K params each)
Ineut (table-to-text) Output (table-1o-text)
Prefix tuning/Prompt tuningf§m LoRARSR ‘
« TS FEERHSTAOTENIERSS, SMESMp tuningfiidl - EEUESFull-finetune—#, REEVNTITER
« RO TIEERIRT RN + FERORENCSIBFINCE
» BERETFfull-finetuning ISR

* Benefit 1: Drastically decreases the task-specific parameters

Parameter-Efficient Fine-Tuning adapter | LoRA [ PrefTuning | SoftPrampt
;:i;:[:gl::i 0(dmoaer™L) O(dnoaerr’L) O(dypaenl) 0(dmogern)
Percent Trainable <5% <0.1% <0.1% <0.05%
Gb ' @ n:Prefix length | n:Prefix length
'_T._‘ r;\ kl’x Up, kPuan l_l_\
lllustration o D ID l HD D
Nonlinearity
L.__l__l | DR
https://blog.csdn.net/weixin_ 43154149/ x r
article/details/124370319 1 |

*not including the classifier head
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Prompt Tuning

3R

EFIZ NI — T RIZRRIBI R LS, KIZHIRERERITRH (E

Prompt-Based Methods

EFZIES R AL N iR II— T EEN X £— Batch BRI
KEE% - Soft Prompt HAE Prompt

RRSERTE(ESS

BETIE T AR MRE , ERBERRRASNMES

LB MESENER Prompt, HHERIEUELERRA,
B Freeze TSR ELHATIIE,

EREMEFINEER T, FINBREEREARILK,
PR, H&EB LFEIMR
100
~@~= Prompt Design
Model Tuning P
gg == Prompt Tuning X - >
P / o : /\
S 80 - i
- A
5 Vi ®
1 70 . /./ s
" g I e UNLEASHING THE  create memories
od POWER OF Al ;
P INPHOTO @&
50 .
° = DEVELOPMENT

Model Parameters

MFEENR (Template Construction)
FrE5aREY (Label Word Verbalizer)

E

GPTS
Language Models are Few-Shot Learners (NIPS2020)

Prompt-Ensembling
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Prefix Tuning

EF

ZRE SRR A A N — 1Rl

ZRAVBI SN S AT HIAR B E AT

Fine-tuning
Transformer (Translation)
=} @ BN EE IR .. - .-
‘ Transformer (Summarization)
H gp =m == ' == = = Ew .
L Transformer (Table-to-text) EJBE'HE

N RNNRRNE

name Starbucks type coffee shop [SEP] Starbucks serves coffee
Input (table-to-text) Output (table-to-text)

Prefix-tuning Paper

&, WRAUWMER Finetune

Prefix
(Translation)

Transformer (Pretrained) Prefix-Tuning: Optimizing Continuous
name Starbucks type coffee shop [SEP] Starbucks serves coffee
Input (table-to-text) Output (table-to-text)

Prompts for Generation

- F—TESRSE TESHRERIIANERA, MR AHI5

- 5 Prompt HAARERIE, BIRSTEHEBRSEEMN, SEIEMN Token AN

- HEETERAENRE, BISHIER A 7RISR

REFEFME—TKE Transformer MIEAESHERISRVEIAS, N8 TEIMESTEIFE/NITH

15 | ”
— 1 - 7 T T o i i
e —— 14 . — > e, 5 .
7 F $13 g m—— 2% ; = s i ﬁ é
7 / LS
§. % / // “_é Qa 2 0.34
e 4 212 8 .' 24 - X
34| M method £ Ly method =26 Y/ method : l z X
4 —~— FT n|< —— FT 4 —— T 3 032 v
1 — BT — PT — BT ]
32 10 24 | 230 |
100 200 300 400 500 100 200 300 400 500 100 200 300 400 500 TP L e 4 2 NPTy O ; T P
training_data_size training_data_size training_data_size Pt g ?‘:u"-“('a,«c"f AeATHaRT, e anto™ o vc'ﬁ"'r'fso“‘ﬂ,':_‘,;-'-c“'r‘:’"‘” g A
7 )66 .
me! 18
038 methad 18 method I ‘
6 — FT o fF. L 16
— . PT < e — PT .
E S — - ® o6
Gs ——— 3036 — glﬁ — Eoe S
= i i S = S S ;
method = 4 0.60 12
4 — ET 03a| 7 14 y ‘ R
— PT 038 | 19
3 032 12 L , . y . = y
100 200 300 400 500 100 200 300 400 500 100 200 300 400 500 o ot o ol et e @
trainini g_data_size training_data_size training_data_size i) oo ol af "
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~( Addarnom ) EISES BRI E—RhEEN— B
i SIS RS A R
[ Feed Forward J
' ' F0RIZ AN ER
— Add & Norm | . . . NN
T 12k Adapter #BIRZ S NFHESHSE IR,
[ NAlitcod aficnion J BANREISEAE Adapter RS HH
Ot K VI
X J HRAAMER
Basic Transformer block B ER S S5 15 TS Adapter 338 |
EE, 2 NFHSH2SHEEZ Adapter FIE4A] 4 g
R, RERBEBMESHHNERI ' Adapter
F’aper

Parameter-Efficient Transfer Learning for NLP nttps;//arxiv.org/pdf/1902.00751 pdf

MAD-X: An Adapter-Based Framework for Multi-Task Cross-Lingual Transfer nttps;//arxiv.org/pdf/2005.00052 pdf

A

1/t;§l (———bm Norm
, Adapter Fusion &iE0#
R T WEM SRS, ESETFHAINGATRER o) FIMSIIZ A Adapter 181k
— 2 BN BRANCESTRE

RNEZEHNER NEEM T2 REGFEFN Adapter

@R
AT ERRE, 3IAT SUMOBISIER |

( Aldcauorm) Adapter

additive selective
@®
. . BitFit LN Tuni
Ladder-Side A ki
Tuning Attention Tuning
, Diff-Pruning
AttentionFusion

adapters Fish-Mask LT-SFT

1A® FAR

LeTS
Parameter-efficient fine-tuning
methods taxonomy

soft prompts

reparametrization-based
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S

P-TunNning v2

PT —serrrmmm softprompt 55%

PTv1 VS PTVv2

P-Tuning XX AEEIEMbedding I\ 8IS %

P-Tuning-V2, ¥ ABEEEmMbeddingfl&E

| Prompt Encoder (Optional) |- =
____________________________________ 4 |
[CLS] Amazing movie ! [MASK] !
+ v ' v v |
e([CLS]) e(Amazing) e(moive) e()) hgy -+ h; e(MASK]) !
- ‘ .
. Layerl Prompts
|
|
E Layer2 Prompts =
: Layer3 Prompts
|
: v
cee | LayerN Prompts -
\ J :
I
|

v
Verbalizer (with LM head) !
|

(a) Lester et al. & P-tuning (Frozen, 10-billion-scale, simple tasks)

Vg . Jupes. s e SRR i

REIERIN L RS 4

i Reparameterization (Optional) ‘e----------- .
el ;_ _____ [CLS] Amazing movie !
R ' '
le([CLS]) e(Amazing) e(moive) e(!)
} bl } } L

(b) P-tuning v2 (Frozen, most scales, most tasks)

Figure 2: From Lester et al. (2021) & P-tuning to P-tuning v2. Orange tokens (include hg, h;) refer to prompt
embeddings we add; blue tokens are embeddings stored or computed by frozen pre-trained language models. Com-
pared to Lester et al. (2021), P-tuning v2 adds trainable continuous prompts to inputs of every transformer layer
independently (as prefix-tuning (Li and Liang, 2021) does). Additionally, P-tuning v2 removes verbalizers with
LM head and returns to the traditional class labels with ordinary linear head to allow its task-universality.

P-Tuning v2: Prompt Tuning Can Be
Pa |Oel" Comparable to Fine-tuning Universally Across Scales and Tasks

Xiao Liu'?*, Kaixuan Ji'*, Yicheng Fu'*, Zhengxiao Du'?, Zhilin Yang'>, Jie Tang" >/

[2103.10385\] GPT Understands, Too

'Tsinghua University, Beijing, China

“Beijing Academy of Artificial Intelligence (BAAI), Beijing, China
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Low-Rank Adaptation of
Large Language Models

LO RA

= 1284 YR B 1&

£ LLM EX1EESE (IXNERERE) FHATIBINESMUEIRAER, HERIIGERER, (IZREH
IEINRVFATIRARERERI S, S RE W NTRIESHHER, FERRMRERSHEBMERN,
£ NIFES Tuning B, {CRIIZR/ NS, (BRESREVRIFIIRINER

1. ERETIESRE (PLM) SWIEIN—158,
—"TBRAEB T HMIRIE, FRMPMBRINE.

2. WENREREE PLM 25N, RIIGREEEEFE A S Pretrained

FH4EFERE B, Weights
3. E U N R L EE AT, MERE BAS PLM £ dxd

WeR
ZHE N,

4. PRI ERDTRRIIATE A, FB O SERERDIATL B, (R NS B2

SRR FHAI S BB AR 0 KR, o :

WikiSQL MultiNLI-matched
. 0.75 V;,&?ex-\;ﬁ - = 0.92 o v;%x e
g TN 0.90 X Rtk .
S * % Method + : ;
- 0.65 : ¥ e Fine-Tune 0.88 + +
= 2R +  PrefixEmbed
D 0.60 = * PrefixLayer 0.86 3.
S X Adapter(H) 1 '
0.55 Vv LoRA 0.84
6 7 8 9 10 11 6 7 8 9 10 11
log1p # Trainable Parameters logip # Trainable Parameters

https:/arxiv.org/pdf/2106.09685.pdf https:/github.com/microsoft/LoRA
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Quantized LLMIs with
Low-Rank Adapters

Standard LoRa

) \ |
Model ( Model ’
(16-bit) (16-bit)
4 il NormalFloat =1t W=1t S—AREDSN
—MiEENNAEE, BERE =1L W=t E=B =1 TIKETNVIDIAZ—AREFEE, HphECPUR]
cHEHEEHENE, XER TITE TEEIMINNFERIETE GPU |g|lT1ZlIT11E 4., BRI LAMRIEGPULME TS
M FEENEIR. i, B3 2FECPUREEERAEFENER T,

BIRERAFER, SMAESLTCPU LN ABIEBEBSREHITHIE, FEIS T oHrIEEESS

https:/github.com/artidoro/glora

https:/arxiv.org/abs/2305.14314
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Knowledge Distillation

ER—TBL2IARSNGRIBAREERNHINIRE, JEMREEZER/N\FE RS

Relation-Based Knowledge

[PPOA] 127dBa |,

Feature-Based Knowledge

Response-Based Knowledge

_____________

Teacher Backbone f,(-)

P

""" Student Backbone f,(:)

N —I—I—h
@ 5 7= L%’ Distilling Step-by-step - Google

LI CoT + ZESFSFIESR

MBE: fEe-SNLIBIRE L, (XFMA12.5% BB T inERIBRIEEE

R BEIK/NGE/NT #8id7001E

Cla:x([ler ) |
| |

. Knowledge

S Modale c,(-,) Transfer

Classifter p(-)

S5 Module ¢,-,)
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ChatLaw: Open-Source Legal Large Language

Model with Integrated External Knowledge Bases
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Figure 1: ChatLaw Framework
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https://github.com/pengxiaoc-song/LaWGPT
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VOYAGER: An Open-Ended Embodied Agent
with Large Language Models

Guanzhi Wang *, Yug Xie', Yunfan Jiang"", Ajay Mandlekar ",
Chaowei Xino' *, Yuke Zho', Linxi Fan'', Anima Anandkumar’ *
INVIDIA, ?Cadech, *UT Austin, 'Stanford, "ASU

:‘- *Equal contribution 'Equal advising
= hitps;//voyager . ninedo e, 0Tk
3
> Atrniet fHAMEA M
é We iarodsce VOYAGES, the first 1LLM-powered canbodied lifekang learning agest
in Minecraft that continuously explores the world, acgaires diverse siolls, and
wy makes povel discoveries without ursan imienention, VOYAGER consists of thice w3 <
o ey companenes: 1) an autoenseic curriculum that masienizes explorsan, 2) WA WA RIR— M AR SHIRAERENNRAER, ERIUESR

ever-growing skill libeary of executable code for sicring 20d resrieving complex
behavices, and 3) a new iterative prompting mechanism that incoeporstes esvima-

NIMEPEEFINRR, AFRAMPNRERRAETOE. BT
EEFAEENHR, ¥IARNBUREENAFTHS, PIUEAT
WEEm, NENRTR, BEHTF aIBRE,

ment feedback. execution estoes, and self.verificatian for program Improvement.
VOYAGER interacts with GET-4 via Backbox quesies, which hypasses the need for
model parameter Ene-tuning. The skills developed by YOYAGER are temporally
extended, interpretable, and compositianal, which compounds the agent’s abilities
rapidly and alieviates catmstrophic forzetting. Empencally, VOYAGER shows
strang in-context lifelong leaming capability end exbibits exceioeal proficiacy
in playing Minecraft, It obtains 5.3 more wnique items, travels 2.3 onger
distances, ad wnbocks key tech tree milestoaes up t0 15,3 fasier than prior SOTA.
VOYAGER is 3ble 10 utilize the learned skill libeary in 2 new Misecrafl warkd o

arXiv:2305.16291v1 [cs.Al]

solve noved ks from seratch, while aher sechnigees straggle 10 generaiiz MRNERTRERFHAEA?
2 Mineceatt Toch Trio s T '. L
Ll Ll L Yt s o ;(Oi./e " In this project, emergence plays a role In generating consistent
Y=
¢ s mE action plans or executable policies for large language model (LLM)
£
e i g0 aejevestes | @ TUSEC
a Ju 2 -
g% w oy Kef 4REE  BEEe  pEes I 9%
é i gd® A .
: Yook
2

—— VoY DUE —— VIR MOSMILLGYY  —— Rk —— Sehedin —— AMOCRT

Figure 1: VOYAGER discovers new Misecraft items and sklls contimsally by self-drives exploration,
y the baselines. X-axis deaotes the sumber of ierations.
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Share

R Al

As my Al voice takes on a life of its own while | despair over my overhanging stomach and my children's every damn thing, | can't

help but want to write something about it.

My fans have officially switched sides and accepted that | am indeed /2| 383 while my Al persona is the current hot property. |

mean really, how do you fight with someone who is putting out new albums in the time span of minutes.

Whether it is ChatGPT or Al or whatever name you want to call it, this "thing" is now capable of mimicking and/or conjuring,
unique and complicated content by processing a gazillion chunks of information while piecing and putting together in a most
coherent manner the task being asked at hand. Wait a minute, isn't that what humans do? The very task that we have always
convinced ourselves; that the formation of thought or opinion is not replicable by robots, the very idea that this is beyond their
league, is now the looming thing that will threaten thousands of human conjured jobs. Legal, medical, accountancy, and currently,

singing a song.

You will protest, well | can tell the difference, there is no emotion or variance in tone/breath or whatever technical jargon you can

come up with. Sorry to say, | suspect that this would be a very short term response.

Ironically, in no time at all, no human will be able to rise above that. No human will be able to have access to this amount of
information AND make the right calls OR make the right mistakes (ok mayyyybe I'm jumping ahead). This new technology will be
able to churn out what exactly EVERYTHING EVERYONE needs. As indie or as warped or as psychotic as you can get, there's
probably a unique content that could be created just for you. You are not special you are already predictable and also

unfortunately malleable.

At this point, | feel like a popcorn eater with the best seat in the theatre. (Sidenote: Quite possibly in this case no tech is able to
predict what it's like to be me, except when this is published then ok it's free for all). It's like watching that movie that changed
alot of our lives Everything Everywhere All At Once, except in this case, | don't think it will be the idea of love that will save the
day.

In this boundless sea of existence, where anything is possible, where nothing matters, | think it will be purity of thought, that
being exactly who you are will be enough.

With this | fare thee well.

Lo BERmIEss EE T FMHERX NG
Variational Auto encoder, Conditional Generative Adversarial

VAE Z2/4 Network, CGAN
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Gen-2: The Next Step

Forward for Generative Al

A multimodal Al system that can generate novel videos with text, images or video clips. 1% % - - o

unway ATry Gen-2 for i0S ® Gen-2 Explained

ohiE £ AR

Runway

R ZIRIVAIINAE, PIDMRIEX AR, BRA

| SUEIERALR, R A ZR BT

BIISCARE RS (Text-to-video) Alf&
%EE_JRDX$E'<TE%$E’JY$TEH_TEEE 4 FOR9AT
50U ER

Pictory FlexClip

R Al ISREMES, AU RERAY Al SIEMES, P DURHSCAEIA]
URL 25N, 10 7] AYR4EINAE AOHLIM S Pk AL STAR AR A e R BOTRIAR 2



Frontier Research

Zf

17

O

> Wit

R

L FALZRIRAN

D'I D/(, Products Technology Ethics Pricing AIEBIKChINFEAKXFELRER MO TEE
WA AiFEE B
3k, y =R
ﬂ ?Afl_tﬁk 5’&7_# In B ﬁ'ﬁ’{;(,l,'gi‘fﬂ AEER ALK B UREN1E
ER i =lEEE N B ES
1ai - Rmi | sws BEER T =
The Digital People wt > pohS FEam 0 5IIEN > Dy
e 5 W@ BZ  zEEs
Platform BE gy EEepg  EEARKEN
ol A

Create and interact with talking avatars
using Generative Al via D-ID's API or

M fERMEN BRES

Creative RealityTM studio. | sk BHNE | BANESRRATE HERIE
& | we RENE | MEFEETE, UHERANEC, AN | RANRES, RATHEGE,
g | FAmAs R EA SRR EE
|l
Trs EANE | BERRHHZAALEE {EX R, RSO, B8
‘ FROBIRE, MO, EAUA
AN | FEANS | BYSARAUREEASVENBERY | BESRENRS, BENES,
W Apms, TEENTLENNALESN | ASSNNEERES, EEXE
# WM (20) /HRRAE (30) MEEE | REL—saE
g SRR, SRS, HREER
7
A | #ANE | BEETARNFRSEEARSER, B | BELOSEAR
RisaE EATRHEEENNELEFE

/-
*
Synthesia
{} synthesia
o
Turnv your text into
videos in minutes

accenture

«0UPON

Al Video Generator




. [T

S T

Frontier Research

3D Elﬁfi* 3D E RN

NeRF, Neural Radiance
Fields #4551

SHABERSRE i

RITHR
FHRRAAS TR B

Urban Radiance Ffieids [CVPR 2022]
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AvalarRex [SIGGRAPH 2023]

BungeeNeRF [ECCV 2022)

RNR-Map [CVPR 2023] PILNeRF [TOG 2022)
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