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F R B AYSRINANE R Emergence and homogenization

X
Machine Learning ‘ Deep 7

n Foundation Models
Learning

Emergence of... “how” features functionalities
Homogenization of...  learning algorithms architectures  models

Bommasani et al., On the Opportunities and Risks of Foundation Models, arXiv:2108.07258 [cs.LG]

Machine Learning Deep Learning Foundation Models
Emergence how a task is performed the high-level features used | advanced functionalities
for prediction such as in-context learning
Homogenization | learning algorithms model architectures the model itself
(e.g., logistic regression) | (e.g., Convolutional NNs) (e.g., GPT-3)

» .
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BB RN ERERK:

ZESRE vs. K1ES

RE

FZiE = A RNESRE
Pre-trained Language Models Large Language Models
(PLMs) (LLMSs)
BRI AY ELMo, BERT, GPT GPT-2, GPT-3
iER AEH BiLSTM, Transformer Transformer
Encoder, Encoder-decoder, Decoder
Decoder
AR Bidirectional, Unidirectional Unidirectional
kAR Mask & Predict Autoregressive Generation
Autoregressive Generation
ERESLE NLU NLU & NLG
HERIIR 0.1-1B parameters 1Billion-xTrillion parameters
THESRARA Fine-tuning Prompting & Fine-tuning & RLHF
SZm e q : Zero-shot Learning
INEE
RINEE Inductive Transfer Learning Few-shot/In-context Learning
Chain-of-Thought
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1BESEBIRY8E 58N : The scale matters
ETXXES) (FHER/IDHERES])

Zero-shot One-shot Few-shot
The model predicts the answer given only a natural language

In addition to the task description, the model sees a single In addition to the task description, the model sees a few
discription of the task. No gradient updates are performed

example of the task. No gradient updates are performed. examples of the task. No gradient updates are performed.
Translate English to French:

Translate English to French o Translate English to French cription

cheese => sea otter => loutre de mer e sea otter => loutre de mer
cheese peppermint => menthe poivrée
plush girafe => girafe peluche

cheese =>

ETRXF SRR HitgeSiBIN

e LaMDA - GPT3 —4—Copher —— Chinchills —#—PaLM -~ Random
Zero-shot One-shot Few-shot

) Mt wara @ Instrucion
——— 1758 Params

Natural Lan

Prompt

Accuracy (%)

) Grounded mappings ) Word in context
No Prompt o P i a

P

) Arithmetic

— 1.3B Params

10’
Number of Examples in Context (K)

Model scale (training FLOPS)
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KIESEREIIZHREERE (Scaling Law)

> EXIESEENTINGS, AEMNEEREER
BEfR 2R ) Zloss, RENZ B lossHE BT
FEIE, FRATRRATLAGE DX MERFE TR 2 23

s BI%E1IR

Compute DatasetSize " parameters > MRARLI, HERIZlossERIERIRIS B

ot v e et 1, EREINGRBEARN . G ERNESD

opimal pr st be scaled JLFHEMEMEERR THLHEFET), Eit,

AR IBIR B M SEIIR . G EIR A F R ZREr

FERME RTUNERRloss, X 2B
AYScaling Law

> SEMRAREZI, ERENARES GERIMIER
ELlgE) T, BE—IDRMNERNE, HF7
RAERPIRE AT . KRHERTTREE AR
7o RTETR B HLAIBR

> HZ|I7E, Scaling LawitiZBHEH, UEFHRE

2
3
%
&

Figure 2 | Training curve envelope. On the left we show all of our different runs. We launched a

range of model sizes going from 70M to 10B, each for four different cosine cycle le From these “ * jj ttl' %"ﬂ‘]—)” E"]ﬁ%ﬁﬁiﬁﬁ1$lt s E gﬁ*

cur e extracted the envelope of n Il loss per FLOP, and we used these estimate the

optimal model size (center) for a given compute budget and the optimal number of training tokens E"]Al ﬁﬁ j]iéﬁﬁff% ID"L s @A % BE,HH ?:—‘—.F , ;‘@ &%**ﬁ

(right). In green, we show projections of optimal model size and training token count based on the

number of FLOP used to train Gopher (5.76 % 10). BT S BRI RE

Hoffmann et al. “Training Compute-Optimal Large Language Models.” 2022.
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> HERE > HEIREES. HIXUEE
> FIIKE > BIZRES. F IR
> NEHEE. WEHHEE (oss). IEHRE > ZIRZSEE
> HIEHAE., HIERE (ER) > {THEED
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More
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LRNNEE NN EFAEFEIFEKRFS

> Bkl KEFIIEREFEMAXEE. MransformerfdiEE 1= IR B A FiHFE
SFIIKERT 7 RIEL
> RFR: BRUEENNG, BRAEERE

)

Linear Attention ( Mamba(paper)

img source

Selective State Space Model
with Hardware-aware State Expansion

BANAEEARIEEES, IERLLREZIH TEEERWKV, RetNet. Mambas.
RLEFFERLUAB AR IR ANFTEERENBE, Hbh—L5AER/ N IRINEE
WEERGRFHMRE, BEMTIBERK (100258 L) MWRE ESRIIIE,
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https://github.com/lucidrains/linear-attention-transformer?tab=readme-ov-file
https://arxiv.org/ftp/arxiv/papers/2312/2312.00752.pdf
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Chain of Hindsight, arXiv.2302.02676. WizardLM, arXiv.2304.12244.

Model Completion

“The process of plant photosynthesis is commonly written as:
Rl e Please fllin the table below with the approximate

Plase cxplan e i el o boropyh 1 abovs formula values of the speed oflight n each medium.

[Medum | specdof g ()

How to explain neural networks to a child? °

explain neural networks to a child?
How to explain neural networks to a chita? - ()

import math
import random

[ ]
@ o < 0 ,S’. Add Hindsight Feedback

Rank by Human

Complicate Input (Tabie)

ando

1/(mathsart(x) +x\2) =2 How many times faser i ight Howis thespeed oflight na
than sound in a vacuum? vacuum measured and defined?

> BB SR, TIHERY RNEE 2 8 s
E"J gﬂi 11—& I:%IJ ° i@ et Whatis the swedfl light ina vacuum?

> BRGNS TESRIE, TR N R
AHIBERETTR W e y e

Add Constraints Concretizing

In what situation does

Whatis thevlue ol ,
=2 N
141 not equal 1022 ST 3+

303 +2

Inital Instruction

1) 290N
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Self-critique and self-correcting

Language
Model

Output

Feedback

BIE LSRRE, ERA LR S BB 4 E 5 HITM
BIEEST

BEBERIEN, FRAUXESERNERAITH
#t, EREFHER.

BEBRIFNE U, FTUERERK=H
&, (EAXEHIREITROER LU — SR FAHRR
HE o

BEZREHEAEN, ATUXEERAREAM
HE o

22

B &SR B =TT

Self-refinement

1: Given an input (©), SELF-REFINE starts
ne model M to dback (D). The feedback is
generated output ( D) iterate until a
iated with a s not involve hu sistance.

10 M. which refines the previously
condition is met. SELF-REFINE is

Initial LM
Meta-skill
& Leaming

Q

LLM with Self-Refine
Meta-skill

Self-Evolving LLM

Figure 1: Evolutionary Journey of SELF: An initial LLM progressively evolve to a more advanced

LLM equipped with a self-refinement meta-sk ontinual iterat
evolution, the LLM progresses in capability (24.49 1%) on G

2nd, 3rd) of self-
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KIBS RBEIRFNH & 6E

AE

X LLM Agent

A Survey on Large Language Model Based Autonomous Agents. arXiv.2308.11432.

8

Profile Contents

> Demographic Information

> Personality Information

> Social Information
Generation Strategy

> Handcrafting Method

» LLM-Generation Method
» Dataset Alignment Method

BRrXH TFEBAINANEERRET:

> EEE

BETS RRAIMEFHAE RS

)
oge

%’
Memory Structure

> Unified Memory
> Hybrid Memory

Memory Operation
> Memory Reading
> M

Planning w/o Feedback

» Single-path Reasoning
> Multi-path Reasoning
> External Planner

Planning w/ Feedback

> Environment Feedback
> Human Feedback
> Model Feedback

KIS RBVIRR Y & BE

B

Action Target

> TaskCompletion > Exploration
> Communicatio

Action Production
> Memory Recollection
» Plan Following
ion Space
» SelfKnowledge
Action Impact

> Environments > New Actions
> Internal States

(LLM Agent) 5 &4t Al BER I X A -

> LLM Agentf RIS ERE, MAHMEES, AUBRRMIEE

> DR RESIRE T AR IR

> BREFBEEITHREENE, XHEEX
AIARE & RER B, FERLHER.

> BRARREEFTEINBLFITE,
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ZIWHRZEFFIER: Voyager

Automatic Curriculum Iterative Prompting Mechanism Skill Library Minecraft Tech Tree

o
3

Mine Wood Log

“

o
S

[/ Makecratting

IS
S

Combat
Zombie

raft Shield

Cook Steak

®
PR
®
t
L 4
1

bt Zombie
Stone
Tool

Mine Wood Log
Env Feedback Codeas
Execution Errors Actions.

N
S

£
2
g
2 30
5
I3
3
H
5
E

Mine Diamond
Environment Self-Verification

s of three key components: an automatic curriculum for open-ended
i complex behaviors, and an iterative prompting mechanism 75

Voyager (Ours) Voyager wjo Skill Library  —— ReAct —— Reflexion AutoGPT

Wang, et al. “Voyager: An Open-Ended Embodied Agent with Large Language Models.” arXiv.2305.16291.
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Q. What are you looking forward to
the most right now?

of 1B Wa d T * = Memory Stream
Gy it | ek ;;
] e .

e T

I'm looking forward to the

Valentine's Day party that
I'm planning at Hobbs Cafe!

SINT ETFRERIH NI IZAER .
ARBAKNIESEEBRIFECIZELR, SEEHNM.
SEEERZEEETHEKITA.

ZERATIRRE:
>
>

=G|
SEERESBLTEN TMEMETH, MIHMREREEENAR?
SRR DRI TE S S RN ERANERETH?

Park, et al. “Generative Agents: Interactive Simulacra of Human Behavior.” arXiv.2304.03442.
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