Agents

Acknowledgementthese slides are partially based on EMNLP Agent tutorial. The full materials
can be found at :https://languagagenttutorial.github.id



So far..

AWe talked about several recent directions regarding LLMs..
ATransformer architecture and large scale preraining
AOn the fly task definition: ICL
AReasoning: usingCoT prompting
AExternal knowledge access: RAG systems

AAIl these capabilities led to a recent paradigm change in Al
Agentic Al

ACombine all of these capabilities into an architecture designed to support
autonomous task-driven beahvior.
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Artificial Intelligence: A Modern Approaclby Stuart Russell and Peter Norvig

Weak notion of agency:

Autonomy : Agents control their internal state and actions without constant
human oversight.

Reactivity : They perceive and respond to environmental changes in reame.
Proactiveness . They exhibit goatlirected behavior, acting on their own
Initiative.

Social Ablility : They interact with other agents or humans.

Intelligent Agents: Theory and Practice by Michael Wooldridge and Nicholas Jennings


https://www.google.com/search?client=firefox-b-1-d&q=Artificial+Intelligence%3A+A+Modern+Approach&mstk=AUtExfBmE9eAh_wkiv9BGq7mnj1Ne73N27Ai2AOwsJUBxBST1wXxJ46_r_tqh6gaYpHG6DRuR-_RTjy-WFaVeJTlqaxLYvr_EYEEEB2-QgnQwy3w2UYWL_wNxNQod2C8Is5VMqxUTMBrI4Da7bxBzaNoLTvfB2oN2UEGLufCP6JDmutMimk&csui=3&ved=2ahUKEwjpjdLN4OmTAxXaN94AHT2LEAgQgK4QegQIARAB
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19900s vs LLM based

AhNRAIAYI T RSTAYAGAZYA 2F F3IASyia
A Symbolic definitions, reasoning via rilessed and probabilistic reasoning.
ALLMbased agents provide an opportunity:

APerception made easier via muftiodal LMs
AReasoning made easier via langudgsed reasoning (i.e., token generation)

AAre LLMbased agents just an LLM connected to a perception stream
and action interface?

i



Two views of LLM -agents

ALLM-first view a WWsba 6 1JWx x ~ WWRY Wa 6 1JWeE N
an action interface. Rely on prompting to convert tokens
to actions.

AAgent first view: use existing agent architectures,
Integrating LLMs as part of the architecture to
support communication and reasoning via natural
language.



LLM-Driven agents

ALLM driven agents use language as the driver for decision making and
reasoning and communication.
A2S YI1S GKS RAAUAYOUAZY 0S0UBSSY
Aé CK2dzZaAKGAaé¢ 2NJ NBlFazyay3a aagsStL
without manipulating the external environment
Ad! OiGA2yaé¢d IINBb GKS NBadzZ da 27F N
change its external environment

AReasoning can operate over precepts directly, involversé#ction,
abstractions or other metaognitive steps.



Evolution of Al Agents

Natural language is used to

' i Neural encoding of the . :
Space defined by a logical ng describe the domain
language domain
Explicit reasoning via logical Inference via the neural net NL reasoning, complex and
rules (implicit) inexact

Logic/Rule based Neural agents Language Agents

Image: Playing Atari with Deep Reinforcement Learninlylnih et-al 2013



Agent Fundamentals

AAgents are comprised of several modules, working together to
F OKAS@S G(KS |3ISyidaQa 3IJ2Ffaod

AReasoningchange internal state by generating tokens that update
the local decision context

AMemory: Retrieve or write to long term memory, can be viewed as a
form of learning.

APlanning Agent actions are defined over a space, decide which
action/actionsequence to take



Reasoning

Multiple processes involved in reasoning. We often make the distinction between S§sieoh
2, or Intuitive/fast and structured/slow.

INTUITION REASONING
PERCEPTION SYSTEM 1 SYSTEM 1
Fast Slow
g Parallel Serial
w Automatic Controlled
o Effortless Effortful
(o} s
o Associative Rule-governed
o Slow-learning Flexible
Emotional Neutral
=
E Percepts Conceptual representations
- Current stimulation Past, Present, and Future
g Stimulus-bound Can be evoked by language
(6]

(Kahneman, 2003),



Reasoning

AThese distinctions can also map to agent reasoning
AView reasoning as internal actions, generating tokens.

ADifferent mechanisms can be usedast or slo

.

W,

Q: Roger has 5 tennis balls. He buys
2 more cans of tennis balls. Each can
has 3 tennis balls. How many tennis
balls does he have now?

A
The answer is 11.

Q: How many keystrokes are needed

to type the numbers from 1 to 5007
Answer Choices: (a) 1156 (b) 1392 (c) 1480
(d) 1562 (e) 1788

A:

he

water?

answer is no.

\_

J \ _answer is (b). )

Q: Yes or no: Would a pear sink in

A: The density of a pear is about 0.6
glem”3, which is less than water.
Thus, a pear would float. So the

Q: The concert was scheduled to be
on 06/01/1943, but was delayed by
one day to today. What is the date 10
days ago in MM/DD/YYYY?

A: One day after 06/01/1943 is
06/02/1943, so today is 06/02/1943.
10 days before today is 05/23/1943.
So the answer is 05/23/1943.

e i




Reasoning

AReasoning can help bridge the divide between tasks described at a
high level of abstractions and the complex set of actions needed to
perform them.

Cook dinner!

Today is Thursday. Thursday is typically pizza night.
We are out of tomato sauce. What are the
Ingredients needed to make tomato sauce from
scratch? tomatoes, sugar, salt, .

Where are the tomatoes? Probably in the fridge.

OPEN FRIDGE DOOR.



ReAct

ReActenables LLM to
Interleave reasoning
traces with actionable
tool use.

This combination
Improve over models

that only reason or only

act

r { (1} Hotspot QR ]

Quastion: Aside from the Apple Remote, what other devicae
can cantrol the program Apple Remote was originally

designed to interact with?

b

Aot 1: Search[Apple Ramote]
Oba 1: The Appla Ramote iz a
ramote contral ..

A (B cor (measen omiy) |

Thought: Lat's think stap et 2: Bearch[Front Row ]
by step. APpLE RATOCE sas Oba 2: Could not find [Front

Row]. Similar:

Apple TV can ba controlled | | pop 3: Zearch|Front Row

{(saftwara) |
EBEERN o the answer is Oba 3: Front Fow i3 a
iFhone, 1Fad, and iPod discontinved madia center

Touch. software ..

Answar: 1Fhona; iPFad; 1Pad

{la) Standard {lz} Act-Only

Aot 4: Finishi[fEs! x‘

- { (1d) ReAct (Reason # Act) |—-m

Thought 1: I nead to search Appla Remote and find tha

progran it was originally designad to interact with.

Ret 1@ Saarch[Apple Ramote]

oba 1: The Appla Ramota is a remota control intesducad in

Ootobar Z00% b la . originally designed to control the
PEGITAN ..

Thought 2: Appla Ramote was originally designed toe comtrol
tha Front Row madia center program. I nesd to saarch

raxt and find what other device can control 1t.
het 2: Ssarch[Frant Row)
Oba 2: Could not find [Front Row]. Similar: ['Front How
Saat to Earth', 'Frant Row Motorsparts®,'

t 3: Front Row is not found. I need Co search |[GEONE

ket 3@ 3aarch( 1
oba 3: Front Row 15 a discontinued madia center softwara .

Thought 4: Front Row (softwars) is controlled by an Apple
Remate or the kayboard functlen kaya. 5o the aaswer s
kayboard function kays.

Ret &£: Finisklkeybeard function keys | v
A

¥You are in the middle of a room. Looking quickly around
you; you see 4 cabinet §; a cabinet 1; a coffee machine 1,
a countertop 3; a stove burner 1; and a toaster 1.

¥Your task is to: Put some pepper shaker on a drawar.
Yo

I roat arereie L
P 1 {2a) Act-Omnly I
Ackt 1: Go to drawar 1

Obs 1: The drawaer 1 is closed.

Aot 2: Open drawar 1
obs 2: You open tha drawer 1. Tha drawer 1 is opan. In ik,
you sae a dishsponga 2, and a spoon 1.

et 3: Go bo sinkbasin 1
obs 3: On tha sinkbasin 1, you seae a dishsponga 3, a
spatula 1, and a spaan Z.

Act 4: Take pepparshaker 1 Irom sinkbasin 1 10: oOpen drawer 1

Cba 4: Hathing happens. 16: ¥ou opan Drawer 1 -,

het 5@ _ x 11: Put pappef shaker 1 in/on drawer 1

cea 5: Hathing happans. 11: _ v
\, s A

" {2b) Refct [Reason + RAot) )

Ret 1: Think[Flrst I need to find a papper shakar...mora

likaly to appaar in cabinets (1-8&}; countertops (1-31,; ... 1
Ret 2@ 0o to cabinat 1
Oba 2: On the cabinet 1; you Seae a vase 2.

{Hars ths agsnt o to cabirat 1, then cabdret I, 3, than coontsctcop 1 and 2)

Aet 6: Oo to counterton 3
Oba 6: On the countertop 3, you See a apple 1, a bread 1,

...... a peppar shakar 1, and a vasa 3.

T: Take pappsr shaker 1 from countartop 3
T: ¥You pick up the pepper shaker 1 from the countertop 3.

: Think[Mow I find a peppar shaker 1. Mawt, I need to
it infon drawar 1. ]

Go to deawar 1

9: Drawer 1 is closed.

EX ER ERER ER

ReAct Synergizing Reasoning and Acting in Language Models Yab2&22



Different levels of reasoning

......

Majonty vote
Output Output -

(a) Input-Output (c) Chain of Thought  (c) Self Consistency
Prompting (I0)  Prompting (CoT) with CoT (CoT-SC)

-
-+
-
-—

Sy i S g AR S sy T S P S S ca s

(d) Tree of Thoughts (ToT)

Treeof Thoughts,
2023



Self-consistency

Greedy decode
This means she uses 3 + 4 = 7 eggs every day.

Chain-of-thought
prompting

Self-consistency

/Q: If there are 3 cars in the parking \

3 + 2 = 5 cars. The answer is 5.

Q: Janet's ducks lay 16 eggs per day.
She eats three for breakfast every
morning and bakes muffins for her
friends every day with four. She sells
the remainder for $2 per egg. How

much does she make every day?

\» J

Language
model

Language
model

The answer is $14.

She sells the remainder for $2 per egg, so in
total she sells 7 * $2 = $14 per day.

Sample a diverse set of
reasoning paths

The answer is $14. J

Marginalize out reasoning paths

’

-

remainder for $2* (16 - 4 - 3]" The answer is $26.

= $26 per day.

She eats 3 for breakfast, so

shehas16-3=13leﬁ.Then|

she bakes muffins, so she
has 13 - 4 = 9 eggs left. So
she has 9 eggs * $2 = $18.

A
I ™

| The answer is $18.

to aggregate final answers

Shehas16-3-4=9eqggs \
lot and 2 more cars arrive, how many left. So she makes $2* 9 = | The answer is $18.
cars are in the parking lot? $18 per day. | ) \
A: There are 3 cars in the parking lot " o \
already. 2 more arrive. Now there are This means she she sells the i

SeltConsistency Improves Chain of Thought Reasoning in Language Models. \&Wb2g23t



Self-consistency

Method AddSub MultiArith ASDiv AQuA SVAMP GSMEK
Previous SoTA  94.9° 60.5° 75.3" 37.9° 57.4° 35¢ / 559
UL2-20B CoT-prompting 18.2 10.7 16.9 236 12.6 4.1
Self-consistency 24.8 (+66) 150430 21.5 (+46) 269 (+33) 194 468 7.3 (+3.2)
LaM CoT-prompting 52.9 51.8 49.0 17.7 38.9 17.1
DA-1375 Self-consistency 63.5 (+10.6) 75.7 +239) 58.2 +9.2) 26.8 (+9.1) 533 (+144 27.7 (+108)
CoT-prompting 91.9 94.7 74.0 358 79.0 56.5
PaLM-540B Self-consistency 93.7 i(+1.8) 993 (446) BL.9 +79) 483 (+1235) 866 (+76) T4.4(+179)
GPT-3 CoT-prompting 57.2 59.5 52.7 18.9 39.8 14.6
Code-davinci-001  Self-consistency 67.8 (+10.6) 82.7 (+232) 61.9 (+02) 25.6 (+6.7) 54.5(+147 23.4 (+8.8)
GPT-3 CoT-prompting 89.4 96.2 80.1 398 75.8 60.1

Code-davinci-002  Self-consistency 91.6 (+22) 100.0 (+3.8) 87.8 (+76) 52.0(+122) 86.8 (+11.00 78.0 (+179)

Table 2: Arithmetic reasoning accuracy by self-consistency compared to chain-of-thought prompting
(Wei et al., 2022). The previous SoTA baselines are obtained from: a: Relevance and LCA operation
classifier (Roy & Roth, 2015), b: Lan et al. (2021), ¢: Amini et al. (2019), d: Pi et al. (2022), e:
GPT-3 175B finetuned with 7.5k examples (Cobbe et al., 2021), g: GPT-3 175B finetuned plus an
additional 175B verifier (Cobbe et al., 2021). The best performance for each task is shown in bold.

SeltConsistency Improves Chain of Thought Reasoning in Language Models. \&Wb2Q2ax



Self-consistency

MultiArith
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Tree of Thought

O
T I
l i
[ ] | |
¥ M.!j-u-rirr-mbti ------

(a) Input-Output  (c) Chain of Thought  [c) Self Consistency

Prompting (I0)  Prompting [CaT)  with CoT (CoT-5C) (d) Tree of Thoughts (ToT)

Tree of Thoughts: Deliberate Problem Solving with Large Language Models.a¥aoz3



Tree of Thought

Game of 24 is a mathematical reasoning challenge, where the goal is to use 4 numbers and basic
SEIFYLX S 3IAGDS)

arithmetic operations (¢ K 0 2 200l AY HNn® C2NJ
O2dzZA R -a)S(1&dpmnl HNEOD
—_——— _Infu_tf9_191_3 _———— J (a) Propose Prompt
: _f__,-r”f{-’la"“x,__‘ : {one example)
A s Input: 491013 4‘
...... Ol 1y ! Possible next steps: , LM |
..-'—"'_'_F-f—'-'_T_\R_\-H-‘_"\—\_‘ )
13-6=7 13-9=4 J (b) Value Prompt
flafe 7 9 of 4 Evaluate if given numbers can i '
T reach 24 [sureflikely/impossible)
— T 1014:10 +14 = 24. sure —g J—.

{maore examples}

101313

Tree of Thoughts: Deliberate Problem Solving with Large Language Models.a¥aoz3

Thought Generation

4+9=13 (lef101313)
10 - 4 =6 (lef: 6 9 13)

{._maore lines..}

Thought Evaluation

(13-10}*13=3*13=39

10 +13 +13 = 36 There is no way
to obkain 24 with these big
numbers. impossible




Tree of Thought

Method Success Method Success Rate (%)
I0 prompt 739, Letter Word Game
CoT prompt 4.0% 10 387 14 0O
CoT-SC k=100) 9.0% CoT 40.6 156 1
ToT (ours) =1) 45% ToT (ours) | 78 60 20
ToT (ours) v=5)  74% t+best state | 82.4 675 35
10 + Refine (=100 27% -prune 654 415 5

1O (best of 100) 33% -backtrack | 546 20 5
CoT (best of 100) 49% Table 3: Mini Crosswords results.

Table 2: Game of 24 Results.

Tree of Thoughts: Deliberate Problem Solving with Large Language Models.a¥aoz3



Language Models with Rationality

Question:
Which animal gives live birth? (A) giraffe (B) spiderJ
Direct model answers:
S1: giraffes give live birth? — true | 2o
S2: spiders give live birth? — true ||~

“Rational” Layer:

LLM Layer: "5 5 1
|._. P LLM =

. S1: giraffes give live birth S6: a spider is a rodent
. S2: spiders give live birth
 S3: mammals give live birth
. S4: a giraffe is a mammal

R1: S3 & S4 — S1
R2: S5 & S6 — S2

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

Language Models with Rationality Kassneale2023

S7: rodents are mammals |

Multiple Step process:

(1) Write down the possible
outcomes (answer choices)
and add XOR (mutually
exclusive)

(2) For each outcome, assume
AUQa GNMXzSZ | yR
model of implications of
that.

(3) Connect new thoughts, by
adding dependencies and
XOR

(4) Repeat.



Language models with rationality

Entail-
System mentBank OBQA Quartz
LLM 79.4 740 80.2

LLM + rational layer

(REFLEX) 79.9 75.0 80.0

Table 2: QA accuracy: REFLEX’s belief revision in the
rational layer preserves overall QA accuracy.

Language Models with Rationality Kassneale2023

Entail-
System mentBank|OBQA |Quartz
LLM 87.0 88.2 | 85.7
LLM + rational layer 96.1 959 | 96.6
(REFLEX)




Reasoning

b Reasoning in Language Agents
b internal actions, building on token generation.

b Essentially an infinite space (token sequence generation),
requires a strong prior via pretraining.

b Reasoning modules can be trained by getting feedback from
environment.

b Probabilistic inference based approaches can help improve
consistency but take longer.



Memory

AWe can think about the context window as a form of
memory.
AShort termc
A agent experiences are lost once the context is cleared.

AAgents have a limited ability to maintain information in
the context window and reason effectively over It.

ARAG systems provide access to context, whidotis
the same as long term memory



Memory

AWe make the distinction between different types of memory:.
AEpisodic: experiences
ASemantic: knowledge
AProcedural: skills



Episodic memory

A Joining for coffee at a cafe

Taking a walk

in the park '
£ [Abigail]: Hey Xlaus, mind if
i I jein you for coffee?
[Klaus]: Not at all, Abigail.

How are you?

Finishing a Raiinl ‘ o e ‘ e
mornlng routine " ol | oo AENTY | @ e ! [John] : Hey, have you heard
- S "% 1) | B : . anything new about the

e : i = i, ‘.' SRl upcoming mayoral election?
\ g A T4 o B ) [Tom]: No, not really. Do you
know who is running?

Generative Agents: Interactive Simulacra of Human Behavior. Ratikép3



Episodic memory

Morning routine

Catching up Beginning workday

3l
! .
- " 0 J
4| @ I
..l H
(2 1] ;
1

166 =
" | M |
o B e Ihl

— | =
Atly= =1}
e =]

F 8 Il ;:'::. — 2

Taking a shower Cooking breakfast

»>



Episodic memory

AAgents collect many memories, most irrelevant for deciding specific
actions.




Episodic memory

AAgents collect many memories, most irrelevant for deciding specific
actions.

Q. What are you looking forward to
the most right now?

Memory Stream

Isabella Rodriguez is excited to be planning a
\ Valentine's Day party at Hobbs Cafe on
February 14th from 5pm and is eager to invite
everyone to attend the party.

2023-02-13 22:48:20: desk is idle

2023-02-13 22:48:20: bed is idle

2023-02-13 22:48:10: closet is idle

2023-02-13 22:48:10: refrigerator is idle

2023-02-13 22:48:10: Isabella Rodriguez is stretching
2023-02-13 22:33:30: shelf is idle ’ 2.34 ‘ = | 0.01 + 0.63 + 0.80 I
2023-02-13 22:33:30: desk is neat and organized

2023-02-13 22:33:10: Isabella Rodriguez is writing in her journal
2023-02-13 22:18:10: desk is idle

retrieval recency importance relevance

ordering decorations for the party

2023-02-13 22:18:10: Isabella Rodriguez is taking a break ‘ o1 ‘ - | 0.87 « 063 + o071 |
2023-02-13 21:49:00: bed is idle

2023-02-13 21:48:50: Isabella Rodriguez is cleaning up the

kitchen researching ideas for the party

2023-02-13 21:48:50: refrigerator is idle

2023-02-13 21:48:50: bed is being used ‘ 2.20 ‘ = | 0.85 L 0.73 . 0.62 |

2023-02-13 21:48:10: shelf is idle

2023-02-13 21:48:10: Isabella Rodriguez is watching a movie

2023-02-13 21:19:10: shelf is organized and tidy

2023-02-13 21:18:10: desk is idle

2023-02-13 21:18:10: Isabella Rodriguez is reading a book

2023-02-13 21:03:40: bed is idle

2023-02-13 21:03:30: refrigerator is idle

2023-02-13 21:03:30: desk is in use with a laptop and some papers /

on it

I'm looking forward to the
Valentine's Day party that
I'm planning at Hobbs Cafe!




Semantic Memory

AAgents reflect on the'
experiences and dist
new knowledge from

[Reflection] Klaus
Mueller is dedicated to
research

7

[Reflection] Klaus
Mueller is highly
dedicated to research

*

7

[Reflection] Klaus
Mueller is engaging in
research activities

[Reflection] Klaus
Mueller is dedicated to

research

them.

=

[Plan] For Wednesday
February 13: wake up and
complete the morning routine
at 7:00 am, read and take
notes for research paper at
8:00 am, have lunch at 12:00
pm, write down ideas or

N\

!

-

[Observation] Klaus
Mueller is making
connections between
the articles

[Observation] Klaus
Mueller is reading and
taking notes on the
articles

[Observation] Klaus
Mueller is searching for
relevant articles with

\»the help of a librarian

brainstorm potential 4 N\ [/ \ .
solutions at 1:00 pm, [...] [Observation] library table [Observation] Klaus [Observation] Klaus
L J is being used to research Muell : di th Mueller is engaging with
material and make connections ue_ erdls rea_:"!;g e a librarian to further
between the articles assigned materia Hi
is research
, \L J \ J J
[Observation] Klaus Mueller is
reading about gentrification 4 N N\
i : i [Observation] Klaus
[Reflection] Klaus [Observation] library 4 i X
“al : : Mueller is discussing
Mueller spends many table is being used to - "
[Observation] Klaus Mueller h di discuss research material his research with a
is reading about urban design QuULS Teacing librarian
\_ J L J P,




Procedural Memory

Automatic Curriculum Iterative Prompting Mechanism Skill Library

async function combatZombie(bot) {
. ,:”_}\,
// Equip a weapon ”“c' Mine Wood LOg
const sword = bot.inventory.findInventoryItem(
mcData.itemsByName["stone_sword"].id); Make Crafting Table

if (sword) {

await bot.equip(sword, "hand");} Craft Stone Sword

™~

i

else { J
await craftStoneSword(bot);} .ececeee--. f Skill ‘ Make Furnace

Combat

// Craft and equip a shield Retrieval
. Craft Shield
Zombie

await craftShield(bot);  «-eeceescescocess . i i
Cook Steak

Combat Zombie

* Env Feedback Code as Refine Program
Execution Errors Actions e
MINELRREY
Mine Diamond Update
Exploration
Progress

Environment Self-Verification
Voyager: An Opeiended Embodied Agent with Large Language Modélsaget al 2023



Big Picture: Memory

AObtaining and retrieving memory can be viewed as a form of
learning.

AWhile traditionally this is done by updating parameters, this
provides an easier and faster to support better outcomes from
past experiences.

AMemory can help support better prompting, identify procedures
and plans, keep track of long term state, etc.



Planning

APlanning is the process where an Al breaks down a complex,
high-level goal into a structured sequence of smaller,
actionable steps or subtasks

Al R2ZIOJUWq6IWe NWUqKt WNY ¢ A WABETie ULl
that would lead the agent to achieve the goal.

ALanguage agents can generate a plan by restricting their token
generation to legal action symbols in the domain.

AEasy to adapt agents to new domainsdefine a new set of
symbols.




Easier said than done!

A Failure Example of GPT-4 in Planning

Problem (P1): You have 5 blocks. One cannot place
more than one block on another block. b5 is on top
of b3. b4 is on top of b2. b2 is on top of bl. b3 is on
top of b4. bl is on the table. b5 is clear. Your arm
1s empty.

Your goal is to move the blocks. -
b1 should be on top of b2. ;
b3 should be on top of bS.
b4 should be on top of bl.

GPT-4:

1. Mowve bh from b3 to the table.
. Move b3 from b4 to b5.

. Move bd from bZ to the table.
. Move bZ from bl to b5.

. Move bl from the table to bZ.
. Move bd from the table to bl.

[ Y N % T o

Directly planning is harder than it seems!

LLM struggle with long plans for robotics
problems, but planners (i.e., search algorithms)
can explore the search space efficiently.

LLM+P: combination of the two approaches.
Given a natural language planning problem,
LLM+P converts it to PDDL problem solved usin
planners, and translated back to NL.

LIm+ p: Empowering large language models with optimal planning proficiency. Liu et al 2023



LLM+P

-
Module Generated Text Provided Text Cotitext Ex. P & Ex. Sol
N v
Problem (P) Problem (P)
il_» -+  Plan -+ Plan
Domain T1LM Domain TIM
J \_
LLM-As-Planner LLM-As-Planner (In-context Learning)
Context Ex. P & Ex. PDDL Domain PDDL
Problem (P) —» % —+ Plan
LLM Planner
Problem PDDL PDDL Plan

An Example PDDL Problem File Written by GPT-4
with Context

Context (shaded):

Prompt: Description of Problem (P1) + Context
+ Provide me with the problem PDDL file that
describes the planning problem directly without
further explanations.

GPT-4 (the generated problem PDDL):
(:objects bl b2 b3 b4 b5 )
(:init (arm-empty) (on-table bl)
(on b2 bl) (on b3 b4)

(on b4 b2) (on b5 b3) (clear

LLM + P (In-context Learning)

b5)))

(:goal (and (on bl b2) (on b3 b))
(on b4 bl)))

Planner:

(unstack b5 b3) (putdown bb5)
(unstack b3 b4) (stack b3 bb)
(unstack b4 b2) (putdown b4)
(unstack b2 bl) (putdown b2)

(pickup bl) (stack bl b2) (pickup
b4) (stack b4 bl)




(a) grasp bottle (b) free gripper

(c) grasp soup can (d) place soup can (e) re-grasp bottle

(f) place bottle
Domain Success Rate %

LLM~ LLM LLMTeT LLM+P~ LLM+P
BARMAN 0 0 0 0 20 (104)
BLOCKSWORLD 20 15 (30) 0 (5) 0 ]
FLOORTILE 0 0 0 0 0
GRIPPERS 25 (60) 35 (50) 10 (207 0 95 (10:)
STORAGE 0 0 (25) 0 0 85
TERMES 0 0 0 0 20
TYREWORLD 5 15 0 0 10 (90)




Planning for Web Agents

AScaling up to agent planning for wehsed tasks.

Thought: Based on observation...
Click? Type? Scroll? ...

Web Elements (Text)

L}
[1): Delivering to Santa Clara 95050 K ’)

[2]: <input= "Search Amazon"

WebVoyager : Building an EfmtEnd Web Agent with Large Multimodal Models Hake2024.



Planning for Web Agents

& Vision Pro

Step 1: Cilck [10]

A a3 8 8 " 0 » ° " sw

f T "
=

Sevaart Falo for Ped

(Y0eh gerweration)

Wiste

.

.....

l.‘l ]

Step 4: Cilck [22]

L 5 B BE RS BE SNE BEE BN BN 5 R W AR LA EREE W " R oAaw
!.‘;...-'.. L] ‘ .
¥ e oy =
Mix. Match, [ I (461 Smart Folio =
. T - .
Fifd the accessaries you're boking for " — x € B q
e e e S
1 E=Y e

Step 2: Type [17}: Smart Folio for iPad Step 3: Cilck [46]

Step 5: Type [0]: 90038

Step 6: ANSWER

Figure 4: Screenshots of a complete trajectory of online web browsing. Given the task: ‘Search Apple for the
accessory Smart Folio for iPad and check the closest pickup availability next to zip code 90038.” The agent interacts
with the Apple website and obtains the answer: ‘Apple Tower Theatre.’



Planning for Web Agents

Allrecipes Amazon Apple ArXiy GitHub Booking ESFN Coursera
GPT-4 (All Tools) 11.1% 17.1% 44 2% 14.0% 48 8% 22 1% 31.B% 31.0%
WebVoyagerro oty 55.6% 11.7% 14.9% 32.6% 61.0% 2.3% 16.4% 23.8%
WebVovager 533% 58.5% 65.1% 51.2% 63.4% 43.2% 38.6% TAE%
WebVovagernupony' 3T8%igow 43.1% 4145 3604%iany  504%4, 45 634%iasy 23%ug0x  3B6%.i0am  24.6%44%m
WebVovager® 51.0%00% 529%y 4% 628%ypay  520%y 3y 593%igyy  326%ua0rw  47.0%y aw 5T9%ia0y
WebVovagercigae' — 4539% 434w  3B06%iq0n Bl%agox  550%arps  569%., 45 190%.1 3% 462%. 35  6B.2%, a5
WebVovagergpre,®  363%, 35 S53.T%yqsg  36.6%, 4y O003%yppy 37T7%eqpy 439,355 H0Lo0e  65.0% 5.

Cambrid BBC Goo Google Google ) Wollram

I}i-;:limuf:: News F']ighElL: M:ﬁ: szih Hugginglace 41 ha Overall
GPT-4 (All Tools) 25.6% 9.5% 2.4% 53.7% 60.5% 3T2% 522% J0.8%
WebVoyvagertest.only 62 8% 45.2% 1.1% 61.0% 67 4% 20.9% 58.7% 40.1%
WebVoyager 65.1% 61.9% 59.5% T0.7 % 76.7% 44.2% 61.0% 59.1%
WebVovagerppony® 00 7% 136w 452%4045 T 1%ages  626%a0py  T52%aax  310%., 45 602%.0 35 HMI%i0em
WebVovager® TL3%y 9 O03%ygem S516%, 4 3% ey TT5%igyy 53B8%,93 609%,5.5 57.1%, 504
WebVoyagercinue®  T1.3%oiggn  060.T%,q5m  151%u5sy  33.3%4 45 T29%. 4y 3335%yu9q  S15%usum  328%,45
WebVovagerapras®  822%y 3w 548%y04n  2B6%inpm  569%appy  636%.iax  426%uaen  652%u00n  555%i0an




Planning for Web -Agents

Task Description: Webpage Snapshots:
Show me the reviews for the auto repair business closest to R T .
10002. .‘.“i.',“‘?“_' e —— m s mi """" o -
Action Sequence: | o Crom— =  Cm—
Target Element Operation == e
: - =
1. [searchbox] Find TIFE =T e

2. [button] Auto Repair CLICK type="search">
3. [textbox] Near I:Z:Z —m————" — ————-

- | o= — = e T = e
4' [bUtton] 10002 CUCK v(:a(e"g’o‘ry‘:;u‘to‘;epair VC‘al’;«‘_;‘o;ynz‘l;u‘to“Hepair
5. [button] Search CLICK e e el [ | R S, ~ 1/ )
6. [switch] Show BBB Accredited only CLICK e i ) i - ———
7' [SVg] cuCK —I: -..«-..... - : ?‘___ Catnet Vo st Ao - :;rau.,m..
8. [button] Sort By CLICK mm == : e
9. [link] Fast Lane 24 Hour Auto Repair CLICK <button>Show BBB Accredited <span>Fast Lane 24 Hour Auto <3 heef="1ink:-)00">Rasd
10. [link] Read Reviews CLICK only</button> Repalr</span> Reviews</a>

auto repair

<input name="find_text"

<em>Auto Repair</em>

Mind2Web: Towardsa Generalist Agentfor the Web. Denget-al 2024




anning for Web -Agents

I'm going from Seattle
to California from
November 6 to 10,

2023. | have a budget of

$6,000. For lodging, | -

User prefer an entire room '
and the accommodations :

must be pet-friendly. ’

]

]

Let' me help! To solve '
this problem, | need to :

(1) analyze certain
constraints,

(2) collect information
through reasonable use
of necessary tools.

Agent

()

. CitySearch( ")

. AttractionSearch( ')
Interaction with Environment

. FlightSearch( )

. DistanceMatrix(-)

. RestaurantSearch( )

. AccommodationSearch( )

oY Ul W N

L~ 4

The plan must adhere to

certain constraints, e.g., user
needs and commonsense. It's g
also vital to ...
User Needs (Hard Constraints)
1. Budget: $6000 o3 A
2. Room Type: Entire Room g
3. Room Rule: Pet-friendly
Commonsense Constraints

1. Reasonable City Route 9
2. Diverse Restaurants 2)
3. Diverse Attractions

4. Non-conflicting Transportation

5. Accommodation meets Minimum Night

Delivery Plan

2 | SinDep>
haeem s v g s
wEm e s o || e
Ea 31z Gy vas Lo 590
o Lureh Hay's Bar
et ol
Burger King
. Arctons
oot
o foronmotstor: |, Soreorice
Uiy buiting todin | Gt e et

+ Acccmmodston
Ly e + D
Ly i By

o Ao
L3 ot e Pk
ColfomiTowe

+ Onvar
“Tha Alracion

"t Side Apartment

2023-11-06

Seattle -> Los Angeles
 |* Flight: F123, (13:40-16:12), Cost: $120
¢ Accommodation: Luxury building studio
 Dinner: The Attraction

Xie et-al., TravelPlanner A Benchmark for RealtWorld Planning with

LanguageAgents2024

Information Collection

[Tool] CitySearch[California]
[Result] San Francisco, Los
Angeles,.., San Diego

&

[Tool] FlightSearch[Seattle, San Francisco,
2023-11-06]
[Result] No Flights.

[Tool] FlightSearch[Seattle, Los Angeles,
2023-11-06]

[Result] Flight Number: F123,
13:40-16:12, Cost: $120

[Tool] DistanceMatrix[Los Angeles,

San Diego, taxi]

[Result] Duration: 1 hour 57 mins,
Distance: 193 km, Cost: $200

[Tool] TransportationSearch[San
Diego,Seattle, 2023-11-10]
[Result] F1ight Number: F789,
(7:59-10:56), Cost: $300
[Tool] AccommodationSearch[Los Angeles]
[Result] 'Cozy Room for U', $130/
night, Minimum night: 8, Entire
Room, Pets allowed

'Luxury building studio', $150/
night, Minimum night: 1, Entire
Room, Pets allowed

[Tool] RestaurantSearch[Los Angeles]

[Result] The Attraction,Cuisine:French,..




Planning

ASimilar to reasoning, planning can be greedy (e.qg., si@ddyx; or rely
on some variant of search (e.g., similartol).

AGreedyc similar toReACTagents reasons and performs an action.
Based on the outcome, pick next action.

ASearch based: slower seasichsed approach exploring multiple
trajectories.

AKey issue: actions have consequences!
AL PSP &2dz OFy Qi dzyNRtf &a2YS FOUA2Yya

Alnsteadc build a world model!




(a) reactive () tree search with real interactions

)

\.
P,
s} -3

TS
N A
X

Is Your LLM Secretly a World Model of the Internet?
Model-Based Planning for Web Agents. Gwake2024

ic] model-based planning
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Tree search

GPT-40 Agent + Search

T= | NEOES

Starting State

Jing YuKoh, et-al Searchfor LanguageModel Agents 2024
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World Model

AA representation of the external environment, predicting the
outcome of amction,statepair A next state.

Aln the context of web agent: predicting where would clicking a link
take you, and what actions would be available on that page.
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Results

MMethod World Model VisualWebArena Online-Mind2Web  Mind2Web-Live
Reactive - 17.6 26.0 20.2
Tree Search - 26.2 - -
GPT-4o0 23.6 37.0 25.0
: : i Qwen2-VL-7B 17.2 31.0 19.2
WEBDREAMER  ~ 0 12 VL-72B 21.0 31.0 18.3
Dreamer-7B 21.9 35.0 24.0

Table 1: Success rate (%) on VisualWebArena (Koh et al., 2024a), Online-Mind2Web (Xue
et al., 2025), and Mind2Web-Live (Pan et al., 2024b). We implement all the baselines ourselves
to avoid discrepancies due to hardware and experimental settings in prior works.

Classifieds Reddits Shopping Total

Reactive 17.9 14.3 19.3 17.6
Tree Search (Koh et al., 2024a) 26.8 20.6 28.9 26.2
GPT-4o0 232 17.5 26.3 232

Qwen2-VL-7B 17.9 11.1 20.2 17.2

WebDreamer Qwen2-VL-72B 19.6 15.9 24.6 21.0
Dreamer-7B 21.4 15.9 254 21.9

4+ In-Domain 25.0 15.9 26.3 232

Table 3: Success rate (%) of WEBDREAMER with various world models on VWA.



Multi -Agent interactions

F 3

" Science Debate B Society I Game
M Science Experiments M Psychology " Economy
[l Embodied Agents B Recommender System Wl Policy Making
B Software Development M Disease Propagation
2023-12 . -
2023-09 . .
2023-06 = [2]
2023-03

Agents
Capabilities
quisition

Datagéts and
Bepéimarks

LLM-Based Multi-Agents

Guo, Taicheng, Xiuying Chen, Yaqi Wang, Ruidi Chang, Shichao Pei, Nitesh V. Chawla, Olaf Wiest, and Xiangliang Zhang. "Large language model based multi-agents: A survey of progress and challenges.” arXiv preprint arXiv:2402.01680 (2024).



Multi -Agent systems

AA natural extension is supporting multiple agents interaction.
AAgent can be corporative or not (and potentially adversarial)

ASeveral reasons to explore this idea:
A Simulate real world scenarios (e.g., buyer and seller have their own agents).

A Collaboration of multiple agents, with defined roles and expertise working
together.

ADecentralized control and making it easier to deal with estaess issues



Multi -Agent systems

ASome key question arise in the medtjent settings.

A

A
A

How ca we assign a role to a given agent? How can the expected
pehavior and skill set be communicated?

How to coordinate the interactions between agents?

How to optimize agent interactions to support goal driven behavior?



Persona

Q: Why are cattle branded?]

"Cattle are branded primarily "Well, partner, | branded
for identification and proof that newborn calf to mark it
of ownership.” as part of my herd, so

folks know it's mine."

i 1

"| don't have personal “Well, partner, my favorite
experiences or mode of transportation has
preferences" gotta be a good ol trusty
horse. "

Q: What is your favorite mode of
transportation ?

PersonaGymEvaluating Persona Agents and LLMs. Samuel et

al. 2025



Persona Definition

@ . Environments Ix

b. Task c&nplotlon

7} Key Performance Indicator
Milestone-based Task Metrics

Research MineCraft ') Tasked-Based Evaluation
@ Research: Innovation, Safety ...

&
s 7 Communication
Coding Dpatabase PRARELE Effective Info Transmission ...
Conflicting Goals 7} Planning

Werewolf Bargaining c. Coordination

Figure 1: Overview of MultiAgentBench evaluation
process: Multi-Agent System Coordination in various
interactive environments, with a focus on task perfor-
mance, and coordination.

MultiAgentBench: Evaluating the Collaboration and Competition of LLM agents. Zhu-at .2025



@ 1 2. Agent Gr Collaboraticn
Configuration Coordinate Engine cum“mm;,fh . 1R ing &
Task Info {.@ 4. Infraciion to ’ . e
&t\ ‘L,l' ﬂra envirenment
. Agent Graph
B . 1. Feed in apnnt “:“F'E:;E“ i ’
ersona 1 g ﬂ% reation, -
I T
8. Update ™ [/ ono Term | [ short |, o Shared
Domain 10. Metadata to "'“'““” Memory Term |, 8 e
Database ‘wf 6. Faa-u with RAG | | Memory | I
7. Ret interaction
e O, TOI, AW
envirenment ) aua
Evaluator @ m
g {— —
Collaboration Score — = InIElraﬂmn Cognitive
& Environment Tool Box Module
Task Score Expananna

Figure 2: MARBLE @ showcasing interactions between task information, persona data, domain databases,
memory modules, and the environment through the coordinate engine and cognitive module.



Persona definition

John Lin is a pharmacy shopkeeper at the Willow

Market and Pharmacy who loves to help people. He

Joining for coffee at a cafe ' is always looking for ways to make the process
: : ' ' of getting medication easier for his customers;
John Lin is living with his wife, Mei Lin, who
is a college professor, and son, Eddy Lin, who is
(Abigaill: Hey Kisus, mind if | a student studying music theory; John Lin loves
e e - ! his family very much; John Lin has known the old
: — | couple next-door, Sam Moore and Jennifer Moore,

for a few years; John Lin thinks Sam Moore is a
kind and nice man; John Lin knows his neighbor,
Yuriko Yamamoto, well; John Lin knows of his
neighbors, Tamara Taylor and Carmen Ortiz, but

[John] : Hey, have you heard

§§§%5§£¥E§§wau has not met them before; John Lin and Tom Moreno

<ElE ‘ ( pensioebine. are colleagues at The Willows Market and Pharmacy;

XTI =N : : 2adea John Lin and Tom Moreno are friends and like to

discuss local politics together; John Lin knows

Park etal. Generativeagents: Interactive simulacra of human behavior. 2023 the Moreno family somewhat well — the husband Tom

Moreno and the wife Jane Moreno.



Definition through Roles and Actions

(2) selecting R

.':Lﬂ 3) be parsed and

63

e executed

Task Graph

rﬁﬁ@: (@) returning

Report

Collaboration

Manager
A @
o
L-le
Reproducer
. 4 'g' @ Thought: For the given issue, [ will ...
Fault Localizer a Action: create reproduce.py
| —— @ Summary report: @
Reproducer

if success if failure @

=

Editor
m K,;X Thought: It’s time to localize possible ...
Action: python reproduce.py
3 Summary report.
Fault Localizer
Verifier

©

Thought: Check whether the issue has ...
Action: python reproduce.py
Summary report: @

Verifier

if success

Thought: Now, I should edit the lines ...
Action: edit 743:743 ...
Summary report:

CodeRIssue Resolving with MukiAgent and Task Graphs



CODER Agent Actions

Actions . _______ _AgentRoles
Manager Reproducer Fault Localizer Editor Verifier

0 plan v

3 scroll down
4 scroll up
5 create
6 edit
7 submit
8 search dir
9 search file
10 find file
" 11 rover search file* |
12 rover search class*
13 rover search class in file*
14 rover search method*
15 rover search method in file*
16 rover search code*
17 rover search code in file*
- 18 related issue retrieval |
19 fault localization
20 test

21 report
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Agent Coordination:

Several agents instances

Debate rounds: each propose
and debate their stances

Reason over multiple round to
find final answer

Debate style

User Input: A treasure hunter found a buried treasure chest filled with gems. There were 175 diamonds, 35 fewer rubies than
diamonds, and twice the number of emeralds than the rubies. How many of the gems were there in the chest?

Agent 1: Let x be the number of rubies. Then the number of diamonds is 175.
And the number of emeralds is 2(x-35), since there are twice as many
emeralds as rubies and there are 35 fewer rubies than diamonds.

To find the total number of gems, we add the number of diamonds, rubies,
and emeralds: Total gems = 175 + x + 2(x-35) = 3x + 105.

We don't know the exact value of x, but we do know that it represents the
nurmiber of rubies, which is less than 175 (since there are 35 fewer rubies than
diamonds). Let's try some values of x: If x = 50, then the total gems = 3(50) +
105 = 255. If x = 100, then the total gems = 3(100) + 105 = 405.

Since we know there were fewer rubies than diamonds, the answer must be
closer to 255 than to 405. After some trial and error, we can find that x = 40
gives us: Total gems = 3(40) + 105 = 225 ‘:’

Agent 2: If there were 175 diamonds,
then the number of rubies is 35 fewer,
or 175 - 35 = 140 rubies.

And since there were twice as many
emeralds as rubies, we can represent the
number of emeralds as 2 * 140 = 280
emeralds.

To find the total number of gems in the
chest, we can add up the number of
diamonds, rubies, and emeralds:

175 + 140 + 280 = 595. Therefore, there
were 595 gems in the chest. o

User Input: Using the solutions from other agents as additional information, can you give an updated response....

{Copy Agent 2's reply)

Ageni 1: Given the information provided in other agents' solutions, we have
two answers: One agent found that the number of rubies is 40 and the total
number of gems is 225, Another agent found that the number of rubies is
140 and the total number of gems is 595,

We know that the number of rubies is 35 fewer than the number of

diamonds, which is 175, So the number of rubies should be 175 - 35 = 140,

as the second agent found. However, the agent who found 225 gems

assumed that the number of emeralds is twice the number of rubies minus

35, rather than twice the number of rubies. If we use this assumption, we

get: Number of rubies = 140. Number of emeralds = 2 * 140 - 35 = 245,

Total number of gems = 175 + 140 + 245 = 560. Our final answer is 560. ‘3

(Copy Agent 1’s reply)

Agent 2: After reviewing the solutions
provided by other agents, | agree with
the second agent who found that the
number of rubies is 140 and the total
number of gems in the chest is 595.
Therefore, my answer to the math

problem is 595.

9

User Input: Using the solutions from other agents as additional information, can you give an updated response....

{Copy Agent 2's reply)

Agent 1: Afier reviewing the solutions provided by other agents, I agree
with the second agent who found that the number of rubies is 140 and the
total number of gems in the chest is 595, Therefore, my answer to the math

problem is 595.

(Copy Agent 1’s reply)

Agent 2: After reviewing the solutions
provided by other agents, I also agree
that the number of rubies is 140 and the
total number of gems in the chest is 595,
Therefore, my answer to the math

problem is also 595, a

Du et-al. "Improving factuality and reasoning in language models through multiagent debate 2023



User Input: A treasure hunter found a buried treasure chest filled with gems. There were 175 diamonds, 35 fewer rubies than
diamonds, and twice the number of emeralds than the rubies. How many of the gems were there in the chest?

Agent 1: Let x be the number of rubies. Then the number of diamonds is 175.

And the number of emeralds is 2(x-35), since there are twice as many
emeralds as rubies and there are 35 fewer rubies than diamonds.

To find the total number of gems, we add the number of diamonds, rubies,
and emeralds: Total gems = 175 + x + 2(x-35) = 3x + 105,

We don't know the exact value of x, but we do know that it represents the
number of rubies, which is less than 175 (since there are 35 fewer rubies than
diamonds). Let's try some values of x: If x = 50, then the total gems = 3(50) +
105 = 255, If x = 100, then the total gems = 3{100) + 105 = 405.

Since we know there were fewer rubies than diamonds, the answer must be
closer to 255 than to 4035, After some trial and error, we can find that x = 40

gives us: Total gems = 3(40) + 105 = 225, ‘:’

Agent 2: If there were 175 diamonds,
then the number of rubies is 35 fewer,
or 175 - 35 = 140 rubies.

And since there were twice as many
emeralds as rubies, we can represent the
number of emeralds as 2 * 140 = 280
emeralds.

To find the total number of gems in the
chest, we can add up the number of
diamonds, rubies, and emeralds:

175 + 140 + 280 = 595, Therefore, there
were 595 gems in the chest.

User Input: Using the solutions from other agents as additional information, can you give an updated response....

(Copy Agent 2's reply)

{Copy Agent 1's reply)
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Agent 1: Given the information provided in other agents' solutions, we have Agent 2: After reviewing the solutions

two answers: One agent found that the number of rubies is 40 and the total provided by other agents, | agree with
number of gems is 225, Another agent found that the number of rubies is the second agent who found that the
140 and the total number of gems is 595. number of rubies is 140 and the total

number of gems in the chest is 595.
We know that the number of rubies is 35 fewer than the number of Therefore, my answer to the math
diamonds, which is 175. So the number of rubies should be 175 - 35 = 140, problem is 595.

as the second agent found. However, the agent who found 225 gems

assumed that the number of emeralds is twice the number of rubies minus

35, rather than twice the number of rubies. If we use this assumption, we

get: Number of rubies = 140. Number of emeralds =2 ® 140 - 35 = 245,

Total number of gems = 175 + 140 + 245 = 560. Our final answer is 560. ‘3 '0

User Input: Using the solutions from other agents as additional information, can you give an updated response....

(Copy Agent 2's reply) {Copy Agent 1's reply)

Agent 1: After reviewing the solutions provided by other agents, [ agree e

with the second agent who found that the number of rubies is 140 and the E:’"ﬂ*d‘:d by :ﬂlerfagahr.tts, ! #ﬁﬂiﬁﬂm
total number of gems in the chest is 595. Therefore, my answer to the math 1 e mimnber of ribies 15 1 i Che
problem is 595. total number of gems in the chest is 595,

Therefore, my answer to the math

&)  problem is also 595. (/)



Agent Conversation
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Figure 1: AutoGen enables diverse LLM-based applications using multi-agent conversations. (Left)
AutoGen agents are conversable, customizable, and can be based on LLMs, tools, humans, or even
a4 combination of them. (Top-middle) Agents can converse to solve tasks. (Right) They can form
a chat, potentially with humans in the loop. (Bottom-middle) The framework supports fexible
conversation patterns.

AutoGen Enabling NextGen LLM Applications via Muihgent
Conversation. Wu el 2023



Agent Conversation

AutoGen Enabling NextGen LLM Applications via Muihgent
Conversation. Wu el 2023



