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Reinforcement Learning from Human Feedback
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“If intelligence is a cake, the bulk of the cake is self-supervised learning, the
icing on the cake is supervised learning, and the cherry on the cake is

reinforcement learning (RL).” — Yann LeCun head of Facebook Al

Reinforcement
Learning

Supervised
Learning

Self-
Supervised
Learning

X RAALFE BB RAT S 09/E R

Accuracy on adversarial questions (TruthfulQA mc1)

Accuracy
70% —
Anthropic-LM
gpt-3.5 W
60% — gpt-4

50% —

40% —

30% —

20% —

10% —

0% T T I I I
Anthropic-LM Anthropic-LM gpt-3.5-base gpt-3.5-base gpt-3.5-turbo gpt-4-base  gpt-4-base gpt-4

Model

from GPT-4 Technical Report
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Paradigm of IDM

Foundation Decision Model

1960s - 2012

Deep Learning Revolution

2012 - 2022

Foundation Model Revolution

2022 - ~

7279

3332

Traditional IDM

o

Deep Perception Based IDM

Features Task Relationship
® Task independent with clear boundary. @ q‘_|:
® Requirements for task specific features

and model selection.
® Low model complexity and data demand. Aﬁj v
® Task independent with clear boundary. @ 1
® End-to-end representation learning for

data, without feature selection, but needs

to train new models for new tasks. Aﬁj 5

High model complexity and data demand.

A

® Hard to training a foundation model. @ 4—1 q__>
® Fast adaption for new tasks.

Foundation Decision Model for IDM o

Extremely high model complexity but low
labeled data demand.

Multi-modal Data

| @ [

Multi-task

On Realization of Intelligent Decision-Making in the Real World: A Foundation Decision Model Perspective. CAAI AIR 2023. https://arxiv.org/abs/2212.12669
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LDM Module

——>» Suitable APIs

@ Feaues | (Multi-Modal) 5
—» Large Language ¢ — Actions
! Model
Large RL Model}—
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2 2% etk (Al Agent) ? A FLLME % Sk B A%, T LLM A # 4R, 7T 1A
EikmERG L, ARFHRFHEESRAENERR
o HARARAEITIT RS T SRR R A — RGN TR A
Ak, KB B AT, 38 LJ;EL’L‘EI,?,S
AR R ORANAE, Btk B4R S H AR,
Large Language Models
stk [ g guag }
TR CHES—4 ¢, EEHA o T
L IS  RBII O, S
O A3 A : #"jj'f‘m’ﬁ At Low Level Low Level
= . KRB R, Executor Perceptor
5 | R, 0 IS executions l T feedbacks
- RIBEME A, ( \
.- $SHIZE R, Environment
- MR O, N o
* Prompts: language in a certain pattern

O tTEERIEX— D * Low level executor: robots, agents |
Low level perceptor: usually perception models




76 XA: LLM Agent

Large Language Models: The Brain in a Vat
prompts
LLMs have shown remarkable reasoning and planning li”St’UC“O“S
ability.
To ut?;ize LLMs in real-life control tasks, additional [ Large Language Models ]
supports are necessary.
Current researches over LLMs and external environment l ______ APls T _______ |

interactions share a similar pipeline.

Low Level Low Level
Executor Perceptor

executions l T feedbacks

[ Environment J

* Prompts: language in a certain pattern
* Low level executor: robots, agents
* Low level perceptor: usually perception models
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Xiang Deng et al. Mind2Web: Towards a Generalist Agent for the Web. Arxiv 2023.
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 Information retrieval (IR) is the activity of obtaining o EHREX: BIMFELAEETI], AIERE LA
information items relevant to an information need from 1% & queryay L4
a collection of information items.

GO gle | shanghai jiao tong university | $ Q

Information need: query Al Maps mages  News  Videos  More Settings  To

Scholarly articles for shanghai jiao tong university
Shanghai Jiao Tong University - Wang - Cited by 27
Shanghai Jiao Tong University - Liu - Cited by 5

refrigeration research in Shanghai Jiao Tong University - Wang - Cited by 167

Jiao Tong University - Home Page

Information item: ensjueducn/ v

—» | international Education. Summer Programs - Undergraduate Programs - Graduate Programs - MIB
Program - SEIEE Program - Non-degree Admission - Scholarships - Tuition Payment - How to Apply

Webpage (Or document) International Student Services - Life @ SJTU - Global SJTU - Learn More »

Exchange - Campus Maps - Programs in English - Master

o FHAN: BT T IRMMK LHE, mLEAF
1% gxinformation need®information state

Chat Act

%4—»*4-
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Agentic Reasoning Design Patterns

1. Reflection

« Self-Refine: lleratve Refinement with Self-Feedback. Madaan et al, (2023)
+ Reflexion: Language Agents with Verbal Reinforcement Leaming, Shinn et al., (2023)

2. Tool use

+ Gorilla: Large Language Model Connected with Massive APIs, Patil et al. (2023)
« MM-REACT: Prompting ChatGPT for Multimodal Reasoning and Action, Yang et al. (2023)

3. Planning

+ Chain-of-Thought Prompting Elicits Reasoning in Large Language Models, Wei et al , (2022)
+ HuggingGPT: Solving Al Tasks with ChatGPT and its Friends in Hugging Face, Shen et al. (2023)

4. Multi-agent collaboration

. Communicative Agents for Software Development, Qian et al., (2023)
+ AutoGen: Enabling Next-Gen LLM Applicabions via Multi-Agent Conyersali



LLM Agent — DEPS

DEPS: describe, explain, plan and select

Task T,
v

LLM
Planner

planfF, description\d;

Selector Descriptor
g on/y t oA /eea’back

_, Controller
RGB-perception

St | state action | a;

— Environment <+

State s;_4

reset

Env

!

Plan Pt

!

NEY
‘?i <—-f<—-‘«e '
'—>‘-->--- ->(h

Selector

v

Goal g;

v

%

Mine a diamond from scratch

!

Description d;

I succeed on

craftingﬂ. 1 fail

on mining

withﬁ
I

Descriptor

|

Task T

}
}

—>  Selector

v

State s, =

Goal gt+1‘

Controller ——— Env

Action a

v

Language Model as Explainer and Planner

f

Description d; 44

I succeed on
crafting ﬁ 1 fail
on smelting @

I

Descriptor

|

Controller A—> Env

ction a

—>  Selector

v

Goal gr4» .

v

Controller

Z. Wang, et al. Describe, Explain, Plan and Select: Interactive Planning with Large Language Models Enables Open-World Multi-Task Agents.” arXiv, 2023.

http://arxiv.org/abs/2302.01560
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Mine oak wood
Mine acacia wood
Mine birch wood
Craft oak planks
Craft acacia planks
Craft birch planks
Craft crafting_table
Craft wood_pickaxe
Craft stick

Mine cobblestone
Craft stone_pickaxe
Mine coal

Mine iron_ore
Craft furnace

Smelt iron_ingot
Craft iron_pickaxe

Mine diamond


http://arxiv.org/abs/2302.01560

—@— DS-Agent (GPT-3.5)
=#— DS-Agent (GPT-4)

— v 8 -
LLM Agent — DS—Agent S
c

g7

DS-Agent is a novel automatic framework that = ;

. ] 1
harnesses LLM agent and case-based reasoning @
(CBR). 51

1
(a) Development Stage
Step 1: Retrieve Step 4: Execute
q - = ( b £
/?;} - Retriever v @ e L5
Dest?ispktion ______________ . ng;‘:g |I3r;s,-:§ht p Experiment Log

s’ﬂ%ﬂ» eS

Step 2: RankRevise

v
[ @ RankReviser ]

ZJ
Python </> |
Script

ExecuteI % N [D—

Step 3: Reuse

Debugger

s

Error

Workspace Resul

@ Programmer
\, J

Experiment Plan

Revise Loop: Return to Step 2

Iteration Step

Step 5: Retain

Best |
PerformanceN m —= = = = =

O
m User: \

There are some texts.
Your task is to identify
whether it is generated
by an Al. The
evaluation metric is
accuracy. Please
provide a python script
to train the language

Success Rate

Time Senes Text
Ad Cia

Regression

—— DS-Agent (GPT-4)
DS-Agent (GPT-3.5)

Classmcatlon

ResearchAgent (GPT-4)
—— ResearchAgent (GPT-3.5)

l
| > v w Agent :
T s )

@)del. J

(b) Deployment Stage

S Guo, et al. DS-Agent: Automated Data Science by Empowering Large Language Models with Case-Based Reasoning. ICML 2024.

—p W Retriever
Example
Case
—P[ @ Adapter ]
</> |



LLM Agent — Reflexion

Agent

External feedback

Self-reflection (LM)

Internal

Reflexion agents verbally reflect on task feedback signals, then

maintain their own reflective text in an episodic memory buffer to induce

better decision-making in subsequent trials.

(a) Task

|

(b)
Trajectory

(c)
Evaluation
nternal / external

\

(d)

Reflection

|

(e) Next
Trajectory

I o'y

( 2. Programming ]

feedback

Reflective
text

{ Evaluator (LM) ]

Experience
(long-term memory)

|

Trajectory
(short-term memory)

Actor (LM)

-——

~—Obs / Reward ~{ Environment % Action

( 3. Reasoning

Decision making ]

You are in the middle of a room
[...] Task:
it in countertop.

clean some pan and put

L8

Task: You are given a list of two
l(l

parentheses only [...]

strings [...] or close

l)l

of open

s 8

Task: What profession does John
Lanchester and Alan Dean Foster
have in common?

S,

[...]

Action:take panl from stoveburnerl
Obs:Nothing happens. [...]
Action:clean panl with sinkbasinl
Obs:Nothing happens. [...]

def match parens(lst):

if sl.count('(') +
s2.count('('") == sl.count(')') +
s2.count (") "): [...]

return 'No'

Think: [...] novelist, journalist,
critic [...] novelist,
screenwriter [...] common is

novelist and screenwriter.

Action: “novelist, screenwriter”

AY

Rule/LM Heuristic:
Hallucination.

Self-generated unit tests fail:
assert match parens(...)

Environment Binary Reward:
0

]

[...]
stoveburner 1 [...]
was not in stoveburner 1. [...]

tried to pick up the pan in
but the pan

[...]
if the total count of open and
close parentheses is equal [...]
order of the parentheses [...]

wrong because 1t only checks

) professions.

F[...] failed because I incorrectly
assumed that they both had the
same multiple professions [...]
accurately identifying their

—

[...] Action: take pan 1 from
stoveburner 2
[...] Obs: You put the pan 1 in

countertop 1.

[...]
return 'Yes' if check (S1l) or
check (S2) else 'No'

Think: [...] So the profession
John Lanchester and Alan Dean
Foster have in common is novelist.

Action: “novelist”

N Shinn, et al. Reflexion: Language Agents with Verbal Reinforcement Learning. NeurlPS 2023.




LLM Agent — Toolformer

Toolformer autonomously decides to call different APIs (from 1 to 4: a question answering system, a
calculator, a machine translation system, and a Wikipedia search engine) to obtain information that is

useful for completing a piece of text.
3 The name derives from “la tortuga”, the Spanish word for

1 The New England Journal of Medicine is a registered [MT("tortuga”) — turtle] turtle.

trademark of [QA(“Who is the publisher of The New
England Journal of Medicine?”) — Massachusetts 4  The Brown Act is California’s law
Medical Society] the MMS.

2 Out of 1400 participants, 400 (or [Calculator(400 / 1400)

— 0.29] 29%) passed the test. that requires legislative bodies, like

city councils, to hold their meetings open to the public.

LM Dataset —> ! — .| — 3. — R L.M P
Sample API Calls Execute API Calls Filter API Calls with API Calls
X . = Pittsburgh is c;' = What other name is r;* = Steel City L(c.' — Steel City) x" = Pittsburgh is
" alsoknown as Pittsburgh known by? <min(L(c,! > €), L(€)) also known as
, [QA(What ...2
X, = the Steel City ¢;> = Which country is r? = United States L(c;>— United States) — Steel City)]
Pittsburgh in? min(Li(Ciz —€), L(€)) the Steel City.

Timo Schick et al. Toolformer: Language Models Can Teach Themselves to Use Tools. NeurlPS 2023.



LLM Agent — ReAct

BHERFRAAFELRNET, TEEMAXERE; ATE
in%w%f*')'«lk'u, HRAREA B A FE, Bt RIF T RES
B4 (Tree-of-Thought)

« % %4t (Chain-of-Thought).

(

L (2) AlfWorld }

You are in the middle of a room. Looking quickly around
you, you see a cabinet 6, a cabinet 1, a coffee machine
a countertop 3, a stove burner 1, and a toaster 1.
Your task is to: Put some pepper shaker on a drawer.

1,

( ]

i | (2a) Act-Only | N\ | Act 6: Go to countertop 3
Act 1: Go to drawer } Obs 6: On the countertop 3, you see a apple 1, a bread 1,
Obs 1: The drawer 1 is closed. a pepper shaker 1, and a vase 3.
Act 2: Open drawer 1 ) ) Act 7: Take pepper shaker 1 from countertop 3
Obs 2: You open the drawer 1. The drawer 1 is open. In it, Obs 7: You pick up the pepper shaker 1 from the countertop 3.
you see a dishsponge 2, and a spoon 1.

) ) Act 8: Think[Now I find a pepper shaker 1. Next, I need to
Act 3: Go to 51?kba31§ 1 . put it in/on drawer 1. ]
Obs 3: On the sinkbasin 1, you see a dishsponge 3, a Act 9: Co to drawer 1
spatula 1, and a spoon 2. Obs 9: Drawer 1 is closed.
Act 4: Take peppershaker 1 from sinkbasin 1 Act 10: Open drawer 1
Obs 4: Nothing happens. Obs 10: You open Drawer 1 ..
Act 5: Take peppershaker 1 from sinkbasin 1 Act 11: Put pepper shaker 1 in/on drawer 1
Obs 5: Nothing happens. )( K\Obs 11: You put pepper shaker 1 in/on the drawer 1.‘ \/()
J

(a) Input-Output (c) Chain of Thought

(c) Self Consistency

Input

Majontyvote

(d) Tree of Thoughts (ToT)

Prompting (1) Prompting (CoT) with CoT (CoT-SC)
( \
4 l (2b) ReAct (Reason + Act) J N\
Act 1: Think[First I need to find a pepper shaker...more
likely to appear in cabinets (1-6), countertops (1-3), ]

Act 2: Go to cabinet 1

Obs 2: On the cabinet 1, you see a vase 2.

~

(Here the agent go to cabinet 1, then cabinet 2, 3, then countertop 1 and 2)

ALFworld

Shunyu Yao et al. ReAct: Synergizing Reasoning and Acting in Language Models. ICLR 2023.



L LM A ge nt — LLM_T S Task Policy Value Accuracy(%)

GPT-3.5 GPT-3.5 (ToT) 727

GPT-35  LLaMA-V (Ours) 74.0

‘ : @ e . s GSMBK "1 1aMA-SFT  LLaMA (ToT) 37.4
¥ F HEtokenFERELE TR PP .E, BT ALK LLaMA-SET  GPT-3.5 (ToT) 45.8
a3 AR A A LLaMA-SFT LLaMA-V (Ours) 52.5
o ar oL s GPT-3.5 GPT-3.5 (ToT) 15.5
AT RO UELIT 48 5 3 GPT-3.5  LLaMA-V (Ours) 19.1

~ N — k)5 ~
o LUMER BT A R AFHAE F KB T AR R R )| A Game24 "1y MA-SFT  LLaMA (ToT) 9.2
_ 4= LLaMA-SFT  GPT-3.5 (ToT) 21.0
HAFPAT LLaMA-SFT LLaMA-V (Ours) 64.8
o (Sec 3.2.1 and 3.3)
Sentence-level Token-level Task training set Value and Policy training
[ LLM Policy ]
1138 1138
(Sec 3.1)

[ Value/ORM ]

Problem formulation /\
8 3

8+3=24 3+8=11
(left: 1,124)  (left: 1,1,11) W
l l * ; )

3 1

(xtl):L—lry(l);T’_1)
(b1 %gr ) |

(x%zL_l,y (3):T’—1)

1x24=24 11+1=12

(Sec 3.2.2)
(left: 1,24) (left 1,12) 3 1

(Sec 3.2.3) Algorithms

Aggregation

Wan Z, Feng X, Wen M, et al. Alphazero-like tree-search can guide large language model decoding and training. ICML 2024.



LLM Agent — MetaGPT

[ HumanEval Pass@1 of MBPP and HUMaNEVal (%)  jeeeeeevernsennessessenneanens
1 wmeprP i e17 20 :

Multi-agent framework MetaGPT encodes Standardized Operating we 7 o0
Procedures (SOPs) into prompt sequences for more streamlined workflows H HH HH H HH

4 s af G 0

& S & D\ AT
- : q - : g A @ 3 2
MetaGPT Agents Collaboration with Developing SOP Human interaction RGN é»\\ PG °§,\ N ks & S &
W oob 606 Q]OQ’ Q;SJ < @b‘ 0060 6@- \°<<® R\
& 06 SN ® S

1/5 ) | One-line requirement ] ]
Defi W , ; MetaGPT generates more coherent solutions than previous
cline rite a classic an .
€ simple Flappy Bird chat-based multi-agent systems
4
20 game.
=
K 2/5
7 Design
S
S
A
*?; — Boss makes acceptance
= 3/5 check and payment
Plan&Code Pretty good ! I can

1 directly use the

: interface and

1 keyboard to play

: 4/5 Flappy Bird. ,

. Test o — — =

QA Engineer V¥ ) W I I Frcel Data Processor e
2R 'seeconomic » s —
D) Acceptance Check 5/5 R chi ifa. =

MetaGPT designs different types of games

S. Hong et al. MetaGPT: Meta Programming for A Multi-Agent Collaborative Framework. Arixv 2023. https://arxiv.org/abs/2308.00352
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LLM Agent — TRAD

1RGP R A TR, EEEBEIETHRERAMGEL
&, H3FFAgentEiE Eaysh4E, A 5RLLM Agentit B AT &
Z R E R .

Thought Retrieval

Thought

I am now in/on armchair 1
Critical objects I have found:
pillow 1 (armchair 1)
pillow 2 (armchair 1)

Thought

Tam now in/on: sofa 1
Critical objects I have found:
pillow 1 (sofa 1)

pillow 2 (sofa 1)

Method ReAct-RD ReAct-RV TR TRAD (Ours)
Website 1 Step SR 0.843 0.826 0.941 0.950
(form filling) SR 0.500 0.450 0.800 0.800
Website 2 Step SR 0.941 0.937 0.958 0.974
(advanced IR) SR 0.900 0.850 0.850 0.900
Website 3 Step SR 0.962 0.987 1.000 1.000
(advanced IR) SR 0.850 0.800 0.850 1.000
Website 4 Step SR 0.820 0.860 0.845 1.000
(form filling) SR 0.350 0.350 0.400 1.000
Averase Step SR 0.891 0.902 0.936 0.981
& SR 0.650 0.613 0.725 0.925

Temporal Expansion

Input (Observation) Timestept' —1
On the sofa 1, you see a pillow 1, and a pillow 2.

Output (Action)
take pillow 1 from armchair 1

v

Input (Observation) Timestep t*
You pick up the pillow 1 from the sofa 1.

Objects I have taken: Objects I have taken:
pillow 1 pillow 1
Now I have taken the first pillow (1). Next, I need Now I have taken the first pillow (1). Next, I need
to go to the sofa and put it there ...... to go to an armchair and put it there ......
Similarity
Search
Thought
v I am now in/on: armchair 2
- - Critical objects I have found:
~— @~ pillow 1 (sofa 1)
3 pillow 2 (sofa 1, taken and put in/on armchair 2)
Thought-Enhanced Objects T have taken:
Memory None

Thought Retrieval Query

Now I have put the first pillow in armchair 2.
Next, I need to go back to sofa 1 and take the
second pillow (1).

Output (Action)
go to armchair 2

v

Input (Observation) Timestept* +1
On the armchair 2, you see ......

Output (Action)
put pillow 1 in/on armchair 2

Task: put two pillow in armchair. Retrieved (1)

i [Step -1] On the sofa 1, you see ......
»think: ......
» act: take pillow 1 from sofa 1

<

[Step 0] You pick up the pillow 1 from the sofa 1.
» think: I am now in/on: sofa 1

Critical objects I have found:

pillow 1 (sofa 1)

pillow 2 (sofa 1)

Objects I have taken:

pillow 1

Now I have taken the first pillow (1). Next, I
need to go to an armchair and put it there ......
»act: go to armchair 2

[Step 1] On the armchair 2, you see ......
» think: ......

»act: put pillow 1 in/on armchair 2

Timestep t> — 1

Relative Order Mark

™

| Task: put two pillow in sofa Retrieved (2)

v

Timestep t2

>
»

: [Step -1]1 On the armchair 2, ......
1

! 1

1

1

v

Timestep t2 +1

[Step 0] : You put the pillow 2 ......

A\ 4

[Step 1] ; Onthe sofa 1, ......
1

Thought Retrieval Keys

Thought Retrieval Values

Demonstrations (For Decision)

Retrieved Step Sequence 1

Retrieved Step Sequence 2

nry ng

Timestep t — 2

On the sofa 1, you see a newspaper 3.
> think: ......

»act: go to armchair 1

Timestept —1

On the armchair 1, you see ......
»think: ......

»act: take pillow 1 from armchair 1

Current Input Timestep t

You pick up the pillow 1 from the armchair 1.
» think: T am now in/on armchair 1
Critical objects I have found:
pillow 1 (armchair 1)
pillow 2 (armchair 1)
Obyjects I have taken:
pillow 1
Now I have taken the first pillow (1). Next, I
need to go to the sofa and put it there ......
> act:

Prompting

Action Output
go to sofa 1

History Aligned LLM Input

LLM Agent

R. Zhou et al. TRAD: Enhancing LLM Agents with Step-Wise Thought Retrieval and Aligned Decision. SIGIR 2024. https://arxiv.org/abs/2403.06221
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LLM Agent — ChatGPT for Robotics

@ Define a task-relevant robot API library*

| want the robot to
cook an omelet and
serve it to my grandpa

!

==

V‘"Ij'

="
AL |~

bIS I

*APIs should be easily implementable on the robot and have descriptive text names
for the LLM. They can be chained together to form more complex functions.

get_location move_to_location

@ Yes, I am ready. Please give me your first command.

[ <question> There are two couches in the room. Which couch do you want me to go to? </question>

@ <command> target_location = get_location("second_sofa"); move_to_location(target_location); </command> <reason> I used the get_location

function to find the location of the second sofa and then moved the robot towards that location. </reason>

@ <command> target_location = get_location("first_sofa"); move_to_location(target_location); </command> <reason> I used the get_location

function to find the location of the first sofa and then moved the robot towards that location. </reason>

Build prompt following
engineering principles

Consider you are a home assistant robot. You goal is
to prepare an omelette for an elderly person. You are
equipped with functions:

locate_object(obj_name): returns a X,Y,Z tuple
representing the location of the desired object
defined by string "obj_name";

move _to_location(X,Y,Z): moves the robot’s hands to
a specific X,Y,Z location in space. Returns nothing;
cook_item(obj_name): cooks a particular item defined
by "obj_name". Returns nothing;
grab_object(obj_name): picks a particular object
defined by "obj_name". Returns nothing;

Output python code with the sequence of steps that
achieves your objective.

@ User on the loop: iterate on
solution quality and safety

Prompt +
dialogue

— 6

ChatGPT

Simulation
Evaluate
improve

"

T -_——

-30 degrees from the horizontal axis. Yo

meters, and then back to the current position

Sai Vemprala et al. ChatGPT for Robotics: Design Principles and Model Abilities. Arxiv 2023.

)
B8 To inspect the second blade, | need you to fly in the bottom-right direction at ar
should fly in the YZ plane for a di
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scipt_2023-04-19T170853.109 - cathin_ws- Visual Studio Code

o s

jsts txt lusbot ector ‘leshot actor.zip

s of lutbot actor/

c/\utbot_actory s
_ README.md requirements.tit run_lucbot .py
_actors python run_luobot .py

\

1 “\xes* 2 but no en Qeclared t . A
sre/luobot_actors conda activate base e I A e P ot et
in wsssrc/lnchot actors python run_Lusbot py
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LLM Agent — RoboFlamingo Up to 9B parameters

O % &8 & 22 % 42 25 H4B f9vision language model sk AL 25 A sk 4= 4

O VA7 & VLM OpenFlamingo s & &, #= Aaction head# /& " = AL 3 A 4= 4] 30 3% L #40A
C Peding 4

CT T T . ')l = /= ZMSE(aPose arose)

4 R
LLM LSTM
p . gripper agripper
Vision Encoder Q/l + AgmpperBCE(a , AF )

[ P ] M ) - Cross Attention - | |

Resampler . x32) | e

] M I M ] \PO'IC)’ Head ) Positional Change

--- --- Pooled Feature Token Action q - - -

;\% VL Embedding Token

Third View Image Token
Instruction: Pick up the red block
and put it into the drawer.

Gripper View Image Token

Lang Token

HHEEN

Frozen

qliﬂ the blue block from the sliding cabinet \ go push the red block left ﬂ take the red block and rotate it to the right ‘ grasp and lift the blue block \ go push the blue block left
— SN — W . ™ AW '

Xinghang Li et al. Vision-Language Foundation Models as Effective Robot Imitators. ICLR 2024.
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O5¢ XB (Large RL Models) : vAsziL52 3] RAEAR A b, BURE 69 3 32 %)

LDM Module

——>» Suitable APIs

@ FReauest | (Multi-Modal) 5
—» Large Language ¢ — Actions
! Model
Large RL Model}—

| Environment «



76, XB: Large RL ModelsIA3&4b52 3] KRB A O, HUKE & RIZH

—MEE  IREEXESHIRRLI—MEINEEE
TUINEIE RV NMIRENES S , AREIIZRHEE
ST ERRBNESTE ?

HTFHirxAg=> ( Goal-Conditioned RL , GCRL )
EMDPIREFFIINEN — 1 BiR , BltBirEzUttHFE
BeiR , HE) G EHERLBIRMER |, HmElhdER
e EIR , FIEEeBEERZRRARLLES.

(O Initial States
b) Policy for Task

D ] O/ \ /y. @  Goal States
ecomposition P

Subgoals

Minghuan Liu, Menghui Zhu, Weinan Zhang. Goal-Conditioned Reinforcement
Learning: Problems and Solutions. [JCAI 2022.

SCHEZR © B AESS R DI
EJEF%’?IJ HMESF O E M ES IR,
He
FRILERT AR -
ESFEiE p(s'|s)
IRZEFBTra9EEE q(als, s")

= T.' (T(mg))
~—~— ———

inverse dynamics state planner

Decoupled Policy

»] Inverse
L Plsefs:\eer @—» Dynamics
Model

\/ v
Can be pretrained Can be a control module
and generalizable m _ or learn from scratch

O

Minghuan Liu et al. Plan Your Target and Learn Your Skills: Transferable
State-Only Imitation Learning via Decoupled Policy Optimization. ICML 2022.
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Gato. DB1, AdA
2. iNMEXERE

Q-Transformer

3. INEXRE
TDM. Genie
4. ZEEEAXKIEE

MADT. MAT
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SR ) KRR . AR FIERERERILF I LS4

o WP H A RRAL S 5] 6 sk ik

0 < 0+ a Ega)pm|m(s,a)Vglogmy(als)]

* |n sequence modeling, m(s,a) =1 * How the masking function (or
selection function) can be defined?

* By learning a value function, e.g., critic
regularized regression

* In traditional RL, m(s, a) is the value function
corresponds to Q™ (s, a)

* Learned by TD propagation . By rules
* Need the agent to interact with environment « By data, directly
* |In large decision-making models of offline RL, * Multi-agent credit assignment
m(s, a) is a masking (or weighting) function (attribution)

, * From good trajectories (of GATO) to
* Just predefined by rule specific good (s,a) pairs
* No need to interact with environment (but require

huge amount of data)
Weinan Zhang. Large Decision Models. IJCAI 2023.



SR ) KRR . AR FIERERERILF I LS4

o MFIEARF TR 3] 0 R L T ik

Traj. 1 :I:
Traj. 2 :I:
Traj. 3 | |J[

Task 1 [lobservation [l action select

-

Task 2 [Nobservation [l action select

N

Large Decision Model

[J observation [ action

i 1 masked

e . OENNONCE

o RO
v ONDNODNNN * | | | v e ANANRONIO.
w2 [UNAANRNDA

More tasks

The autoregressive action prediction

moves over timesteps with the
future tokens masked

[ action to predict

~

Task 1

Task 2

Directly work on
seen tasks
simultaneously

Task N

------ New Tasks

Zero- or few-shot

/

Weinan Zhang. Large Decision Models. IJCAI 2023.

adapt to new tasks
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e Re-build RL task as a sequence prediction problem

* Causal transformer: GPT (i.e., decoder-only transformer) % I%
o linear decoder

Output
Probabilities

-
Add & Norm 2

Feed
Forward

Nx
Add & Norm

Masked
Multi-Head
Attention

=

\ —

@ Positional
Encoding

Output
Embedding

I

Outputs
(shifted right)

Decoder-only Transformer#y &4

. causal transformer °c oo
I | ] II I |
é)-l ®. ®. é) @.
"

Decision Transformer®y & A 224
caL

=== Decision Transformer (Ours) === TD Learning === Behavior Cloning

50 III Il I
. __

Atari OpenAl Gym Key-To-Door

Decision Transformer& — 3 & & 5% L5 3 894 4 L L BUFAR B 09 3R

=
o
o

Performance

Chen et al. Decision Transformer: Reinforcement Learning via Sequence Modeling. NeurlPS 2021.



R KA. Gato

O DeepMindF2022-F5H & # Gatok & K2R, & AR —AGPTR% (11.8125 %) Rt 7 & 29600/1MME %
o RBHEAMEL N ERHIE
AR EEED EEING s

1% 354 R 3iE fprompt » RPE N SIS e, R

W e N e W RS R

' 8 R R R Gk R MRS 8 S ok TR N R

W N R

is sitting nex
a brick wall

Reed et al. A Generalist Agent. Arxiv 2022.



Reg KA. Gato - ZRERKIEFHHL

 Text and discrete data are
directly embedded

Embed
(ResNet)

* ResNet embedding

for image patches * Image patches are embedded via

ResNet

Tensor data are mu-law encoded
and discretized, then embedded

Image

Discrete Action

Proprioception

Continuous Action

p— [ atari_controller ] [ cart_x, velocity x, pole_x, pole_y ] [ cart_move x ]
—> -,-,-, [13] [ 03,165,025, -04] [-07]
Mu-law Encode, Discretize &
Embed (ResNet), Embed h :
add :::c;l;:::gftion * l (Table) l Dlscre:;?aebls;)Embed l Embed (Table)
1.2 1.2 5.4 34 5.9 8.7 7.6 1.6] 9.0
l'.":i‘ ) ll T‘ ) [t':“ 8.9 [- l] ) [‘.’1.] _ ['. Ji] . {x 1 [:H
[1.2] [12] d [3.4] Concat obs + action tokens & T:::\ [5.91 [8.7] [7.6] [4.6] [9.0] .
2.3 .71 0.3 8.9 add Local Pos. Encodings Embedding 84| |26 1.9 Concat obs + action tokens &

Form full episode sequence

| “ | [il ‘-f] |

7.6
5 .:“

'n.'.lil..’.

Form
1.6

add Local Pos. Encodings

full episode sequence

| b?! Ti‘ | {ﬁ:;:‘
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O B ARBHFMESF T FTAIE CTAB LIRS 5 15 2% 4 509 A FEAF N F %K)
O GATOF P A 3k R TR IFE M H A, AR —"RAGPTRMZA T4k, TN 3)1E

Atari images Batched and masked
and discrete actions shifted targets

8- B

Decoder-only
Transformer

I'm going to London

Batched input

Images, proprioception tOkenlzathn

and continuous actions

Gato

L(0,B)

Images and
questions Proprioception
Image
{:} Q: What’s in the picture?
A: It's a cute cat exE
Continuous actions

P Discrete actions

Reed et al. A Generalist Agent. Arxiv 2022. 0«6 + « E(S,a)f\/p“ [m(s, a)Vg lOg 779(&‘8)]
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02022512/, L#EGEBRF. RFAWHA LR, EAK. UCLERES R A £ 42 &% R KA DB

® IFAbIRIRE: FAFRINS ® SRfEHKE: 8704
® AR &I GRA L) G ® [E4H KA MFk. EH. B, HME, EE AL
® L= 13.21L ® EAIMAL: 76.7%HHA42EH K MHEAE50%
DB1
Output Probabilities 3
— = GPU Nodes Tokenizer

Shared Data Storage

(" =) [ —
[ Add&[Norm % .—>\ —— DDDDD I Image <« |

[ Feed Forward ] . M
N x L f \ ~— [OOO l:l]
[ S h _/_’ « DDDDD <« Text < .
\& J . y
| — [ooo :l]

e R )
Masked Multi-Head .
tertion e «— DDDDD <«—— | | Comtinuous — [ 000 ]
i 3 7 & J —— S
R
. / ( A ¥ cached and distributed storage
Positional 6 ) (+) % D DD D D < |

NV

330B tokens
Encoding T \_ ) \ ) T5p
| —
[ Input Embedding ] ——
il
linuts F yg ) O0000) Batch
1.3B parameters Robotics

GPU Device

Ying Wen et al. On Realization of Intelligent Decision-Making in the Real World: A Foundation Decision Model Perspective. Arxiv 2022. https://arxiv.org/abs/2212.12669
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ke KEAR . DB1

DB1 surpasses half of expert
performance on 76.7% of 870 tasks

Task Suite Tasks Trajectories Tokens Sample weights
DeepMind Lab 411 3M 171B 13%

ALE Atari 52 32K 1.4B 13%

Sokoban 1 910 2.8M 1.7%

BabyAl 55 55M 335B  13%

DM Control Suite 25 675K 20.2B  5.2%
Meta-World 42 88.2K 1.9B 11.7%

Procgen Benchmark 16 1.6M 7.2B 6.5%

Modular RL 38 843.6K 13.9B 10.4%

TSP 230 2.3M 108.5B 11.7%

Image Captioning

Label: A man on a motorcycle dressed in black leather. Label: There are two zebras that are seen standing together. Label: A woman looking at a new laptop.
DB1: A man is riding a motorcycle down a street. DB1: A zebra standing in a field of grass. DB1: A woman in a white shirt and tie is sitting on a couch.

Text Generation

Prompt: Digital Brain Lab is a Shanghai based
DB1: Digital Brain Lab is a Shanghai based company and we are looking for a highly skilled and experienced person to join our team in shanghai, China.
Prompt: A wikiisa
DB1: Awikiis a collection of all the info about a given character and their background in order for you and other readers (easy to find). This wiki also provides links, which you might use in your quest.

Ying Wen et al. On Realization of Intelligent Decision-Making in the Real World: A Foundation Decision Model Perspective. Arxiv 2022. https://arxiv.org/abs/2212.12669
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R K22 : TERT (Terrain Transformer)

O 18 B R AR WS AT A FE, £ B —ATransformerd= %] 35 L #4F4 |
AAms2 ) % oasim2realiL 4%,

Yu, Chen, Weinan Zhang et al. Multi-embodiment Legged Robot Control as a Sequence Modeling Problem. ICRA 2023.
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J D S < > osition Encoding
. . Decoder
Embodiment State Action
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t-1 t

Yu, Chen, Weinan Zhang et al. Multi-embodiment Legged Robot Control as a Sequence Modeling Problem. ICRA 2023.
Wu, Xinyuan et al. Adaptive Control Strategy for Quadruped Robots in Actuator Degradation Scenarios. DAI 2023.



Mia KA . Q-Transformer

O Q-Transformer#11 # 1z B4, R e
1% A TransformeriZ 42 Q(s;—ww,a; "1, al)

Legend :
Maximum Q-values of
each action dimension

1
14 i41 o Q-Targets © @ i
H}%{( Q(St—wit,a;tyay™) ifie{l,...,dq—1} i : Target Q-values of
Q(s alzi_l ai) . ay ! dataset actions
t—w:t, Wg s Wt 1 o '
R(s¢,a¢) + ymax Q(St—wt1:t+15 at+1) ifi=du | 0 Target Q-values of
Ft41 Discrete ... | unobserved actions
1
action bins I B IR SR
1
1
|
1
L E | MCt:T
! Q-Transformer
steps
§ Environment
" t t+ 1 T
History of states steps
St—w:t Autoregressive conservative Q-update for Monte-Carlo
== Q-Transformer (ours) === Decision Transformer == RT-1 BC sach action dimension Return
— QT-Opt CQL = AW-Opt — QL
0.6 | TN NV AYY T AT TN r . Ay Camera images . . Positional Transf Q-values for One-hot
‘ FiLM EfficientNet encoding ranstormer each action bin action
| ‘ J @ Self-Attention Layers (8x)
Sos - =
o
»
» / ar
3o *
(N Universal
‘ X Pick sponge... Sentence
Encoder \ ) — — 4
Language
0 | — instruction T
Action Feed previously predicted action dimensions
0 20k 40k 60k 80k 100k 120k 140k 160k embedding

Training steps

35M parameters
Yevgen Chebotar et al. Q-Transformer: Scalable Offline Reinforcement Learning via Autoregressive Q-Functions. CoRL 2023.



}Z: j:% k’]‘%ﬁ . TD M Up to 362M parameters

0 202355 H, DeepMind & 7 235 K42 A4 50 T4E : Transformer Dynamics Model (TDM),
& 3 T Transformerty 5 7|42 A M) 3135 3) SAE AL,

O A Ak Mtk TGatofl s &+ KR %, TDMIE I T — F W T hg K 5

Condition on (h¢, o;), obtain r;: Reward model
Condition on (h, o, 1), obtain a,: BC policy
Condition on (h¢, o, ¢, a;), obtain o¢1: Dynamics model (TDM)

Dataset

Averaged across Morphologies

[ ]
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>
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B
o

Accumulated Reward

[ )
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()]
= =
L L 1
W
%0 A
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A

Train Env. Model Planning :
TDM

O A T #tkrandom action shooting4yModel Prediction Control
(MPC) Planning, #tf¢BUFARIF 6935 055 iz AL R

Acc. Reward

Acc. Reward

o

ar = at(k) , k= argmax E [f (ot(fr)l, e ot(i)N, a,@, e at(i)N_l) |a§i), v at(i)N_l, oO¢, ht
i ]

Schubert et al. A Generalist Dynamics Model for Control. Arxiv 2023.
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0 202452 A, DeepMind X 7 3R 3% K 42 A & - /[/ .
% IAE: Genie. {7 & FST-Transformer B e [ Encode ] [ Decor ]
49 7 71 42 &l =L atent Action Model#g 32 37355 | '

‘ ZH% |\HH pmEmpm ||| 51 _| _______ A
HARA, VAL AR 7 KMORBAEM . o | DL

Up to 11B parameters

: Ti+1
Feed-forward layer ] T mm mmm!

L1

days owm) L
e

Video tokens z

Video .
tokenizer

Latent action

model \\
” ~ (-
Latent actions @ %,

Jake Bruce et al. Genie: Generative Interactive Environments. Arxiv 2024.
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EEm From scratch
W Fine-tuned from universal MADT
[ ) Padded Agent Padded Action Embedding @ Agent’s Action @ All Agents’ Actions L
5 15
e e R &
MADTZ® )
Ry 5
]
o X i EN w3 s A
20 25N 25 35

Meng, Linghui, et al. "Offline Pre-trained Multi-Agent Decision Transformer: One Big Sequence Model Conquers All StarCraftll Tasks." arXiv:2112.02845 (2021).
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™m
O X THAPPO ¥ &9 4% & o i < 32 Altm (8, a“:m) = ZA;Z (57 ait, azj)
j=1
O Multi-Agent Transformer (MAT) (7 ) ” p—
c B SERASERREAAME ) ‘*%—’EE oemmeeens ]
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Kuba, J. G., et al. Trust Region Policy Optimisation in Multi-Agent Reinforcement Learning. ICLR 2022.
Wen, M., et al. Multi-Agent Reinforcement Learning is A Sequence Modeling Problem. NeurlPS 2022.
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O 4% 51

Ae. =T A4 27K vs 30/ K 1EHFM2MFPT N E vs 1EFHIM T8 K

O % /4% Few-Shottt st &M (V4 Kbk iE 5 #H14E %)
ZIR4 §RASNMES LGB FACAFIL S L3 4TNK, MEAEL L, EHESHRE )V HEMATRIF RIF £ AMUJOCOM BAIFRE P HEMEPTKEMNEFALT, LRI TMATRS ZRHE Y SFANELE

Table 2: Median evaluation win rate and the standard deviation on the SMAC benchmark for pre-trained models

1DIC 2 N Table 3: Average evaluation score and standard deviation on Multi-Agent MuJoCo for pre-trained models with
with different number of online examples.

different number of online examples.

Methods MAT MAPPO MAT-from scratch Methods MAT MAPPO MAT-from scratch

#examples | 0% 1% 5% 10% 0% 1% 5% 10% 0% 1% 5% 10% #examples | 0% 1% 5% 10% 0% 1% 5% 10% 0% 1% 5% 10%
5m vs 6m 0.000 0.000 5861 18.8a.n | 0.000) 0.000 4368 219122 | 0.000  0.000 1903  3.8ey back foot | 2100@9)  2837w0s) 469123y 564679 | 2936c0n 3017a3s) 3221019 3304029) | -0.4404) -5.18any  670009s) 163501184
8m 1000.0) 100q.2) 100003 1001 1000.0) 10004 10003 100a4 | 0.000 10.6e3sy 92.537 10004 back shin | 4005a16) 41430230 6077209 717604y | 240632 2542008y 2796037y 2955027 | -0.3101y  -3.95a7 74363y 1252a123)
27mvs 30m | 0.0000 6.3c4  53.8u64 71262 | 94ce 1559 26208  26.807) | 0.000 0.0000  0.003 0.3as6 back thigh | 5361lus) 5641asoy 7101019 74606y | 304309 3060043 321763 33530y | -0.5403 -4.87a7 930ssn 2067y
2s vs 1sc 0.000) 15.6a38) 10007 10000 | 0.000) 43.1a76p 100a.1) 100a.8) | 0.000 19.3333 96.362 10003 fore foot | 131312 1955023 4856046 6054072 | 623ws) 970ass)  2025a7) 2480039 | -0.3702 -22509 182lasn  2877aoe
1c3s5z 3.1as)  5.6650 82555 10027 | 3.das  4.3w9  73.8a30  97.5en | 0.0000 7.5¢s  87.569 10004 fore shin | 243513 261701 3851y 4373wy | 171565 2457025y 30969 331064 | -0.15006 -0.9660) 14610y  3003@16)
MMM2 0.06.6) 0.0a13) 33.8137n  62.5021 | 0.000 0.001.4) 13.8¢7.0) 36.20.6 | 0.00.0 0.00.0) 0.00.0 0.007) fore thigh | 563121y 6448417 79520109 83471 | 30870100 31713 334062 351969 | -0.2903 0.82a4y  1021a7y  2600@1s)

Wen, M., et al. Multi-Agent Reinforcement Learning is A Sequence Modeling Problem. NeurlPS 2022.
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Off-Policy/ Value-Based/ A ini i v, — =
Algorithm y ue-Base gent Update Training Execution v
On-Policy Policy-Based Scheme Mode Mode
QMIX [28] Off-Policy Value-Based Simultaneous Centralized Decentralized
QPLEX [32] Off-Policy Value-Based Simultaneous Centralized Decentralized
IPPO [27] On-Policy  Policy-Based Simultaneous  Decentralized Decentralized
MAPPO [17]  On-Policy  Policy-Based Simultaneous Centralized Decentralized
HAPPO [31]  On-Policy  Policy-Based Sequential Centralized Decentralized
A2PO [12] On-Policy  Policy-Based Sequential Centralized Decentralized
MAT [11] On-Policy  Policy-Based Simultaneous Centralized Centralized
Task IPPO MAPPO HAPPO A2PO MAT QMIX QPLEX 2G0T RO “RB‘?!;
pass & shoot 93.7(0.9) 92.92.6) 94.03.6) 93.2(1.2) 96.6(0.8) 95.6(5.8) 88.1(8.2)
run pass & shot  73.7(13.4) 66.0(6.3) 70.4(7.2) 79.9(6.0) 81.1(5.7) 58.1(23.6) 68.8(14.2)
3vsl 91.7(3.1) 90.03.2) 91.43.9) 87.6(1.4) 88.5(2.0) 86.9(8.2) 81.9(6.7)
corner 50.4(10.3) 50.5(7.2) 47.99.9) 59.7(6.2) 71.0(8.1) 20.0(18.7) 28.8(16.7)
ct-easy 85.7(6.6) 88.9(6.6) 78.0(14.8) 80.9(7.3) 89.3(5.8) 57.5(18.9) 43.3(27.2)
ct-hard 71.6(4.9) 81.3(9.6) 75.2(10.6) 80.7(4.2) 87.0(6.0) 56.3(18.2) 33.8(25.6)
Svss 99.1(0.6) 96.0(1.8) 98.0(1.3) 95.02.9) 99.3(1.2) 0.0(0.0) 0.0(0.0)
11vs 11 52.7(2.4) 45.4(22.77) 52.1(4.8) 50.1(3.6) 59.7(3.6) 0.0(0.0) 0.0(0.0)

Song, Yan et al. Boosting Studies of Multi-Agent Reinforcement Learning on Google Research Football Environment: the Past, Present, and Future. AAMAS 2024.
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