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Agent in RL

The reinforcement learning framework is an interaction between an agent and
an environment, where the agent observes state(feedbacks), takes actions
according to a policy(what has been learned), and aims to maximize

cumulative reward.
[Agent]
Reward

a
Rt t

Action

Environment

Sutton, R. S., & Barto, A. G. (2018).
Reinforcement Learning: An Introduction



Limitations of the Agentin RL

* One Task specific, lack of general capabilities.

* Credit assignment (temporal assignment/value issue)

Sutton, R. S., & Barto, A. G. (2018).
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LLM Recap

Input text ——

No interaction with environments!
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Coding with LLMs

ChatGPT 5 Thinking

2 Help me build a calculator in Java.

(java COde) - Hey, Yubo. Ready to dive in?

A
‘ Find a bug in the provided code.

(Paste the error to the chat window).

read the error and detect the issue, gn
then provide the updated java code

... (after many turns) ...

e (7 Lifestuff QO Claude's choice
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Al Agent = LLM + Agent

f\

K Agent j Action
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Coding with Al Agent - Cursor

Agent

Gnvironmera

Action

Reward
Rt
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Gaming with Al Agent— Minecraft Civilization

The first simulations of 1000+ truly autonomous agents collaborating in a
virtual world, w/ emergent economy, culture, religion, and government.

/\. ALTERA

95-891: Introduction to Artificial Intelligence https://www.youtube.com/watch?v=2tbaCn0KI90



Al Agent Applications -

]

Research overview.
Researchgoal — Configuration —  Sup Agent —— with
Scientist 2 -
l Assign agents to workers
Additional
feedback Generation Agent - - Proximity Agent
\» Reflection Agent -~ Meta-review Agent
AT } X |
Ranking Agent -— Evolution Agent
Al co-scientist
Al co-scientist specialized agents

Google Al co-scientist
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Researcher

Agents4Science 2025 Home  Callfor Papers  Schedule  Accepted Papers  Explore Submissions  FAQ

Open Conference of Al Agents for
Science 2025

The 1st open conference where Al serves as both primary

authors and reviewers of research papers

Exploring the future of Al-driven scientific discovery through transparent Al-authored

research and Al-driven peer review.

& b4

Agents4Science Conference
by Stanford

https://research.google/blog/accelerating-scientific-
breakthroughs-with-an-ai-co-scientist/



General Al Agent — OpenAl Atlas/Manus

What's on your mind today?

Ask anything

+ ( Thinking v

Try Atlas - ChatGPT's new browser

Bring ChatGPT with you across the web for instant Download
answers, smarter suggestions, and help with tasks.
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General Al Agent — OpenAl Atlas

ChatGPT Atlas

95-891: Introduction to Artificial Intelligence https://www.youtube.com/watch?v=EjéhnsQgV_c



Al Agent Applications

Al agents are rapidly adapting to diverse domains while
demonstrating the ability to handle progressively more
complex workflows.



What makes all these maglc happen?
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Main Components of Al Agents



Al Agent Internals

( N\ N N\
( Profile ) ( Memory | ( Planning | ( Action |
- a* o ° -
@ SR, .“—. 9 / [ 4 > =
_ ' ©e® SPLA - =
. J —
Profile Contents Merl\J'lofli'de;ructure Planning w/o Feedback kACtioln Target
. . > Unified Memory > TaskCompletion » Exploration
: Eemogr?fh:cflnforr:atlon » Hybrid Memory » Single-path Reasoning > Communication
ersonality Information : . . .
cocial ot _ Memory Formats » Multi-path Reasoning Action Produc.tlon
» Social Information 3 External Planner » Memory Recollection
» languages » Databases > PlanFollowing
Generation Strategy > Embeddings > Lists Planning w/ Feedback Action Space
» Handcrafting Method Memory Operation S > Tools > Self-Knowledge
> Memory Reading » Human Feedback Action Impact

» LLM-Generation Method
» Dataset Alignment Method

> Memory Writing » Environments » New Actions
» Memory Reflection o Lol Fese ton > Internal States
J J
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Al Agent Internals

[ Perception ]

ﬁ
-i ﬁ Q000
[ Environment ] % = ! IO
TXT - s
Look at the sky, — Brain
do you think it &
will rain tomorrow? | .es Storage
O If so, give the emory : K‘npyvledge
>v< umbrella to me. ‘ : -~
‘ . 1 oy
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Al Agent Internals Comparison

£ g:¢@.:ﬁ =

) .
Environment

=
Look at the sky,
do you think it
will rain tomorrow?

Storage

If so, give the Memory Knpwledge

e ;
>~< umbrella to me. ‘ % ! s
fil M Struct . & . =
emo| ructure . i =
profile Contents > Uni;i.eyd Memory Planmng w/o Feedback » T k‘gdlolnt'.rarzeta lorati ll o o l. S E ’ : t
) ) askCompletion ploration Reasoning fro o
» Demographic Information . . icati £AORINg rom 3 ;
. Perso:a”g nformation > Hybrid Memory > Single-path Reasoning > Communicatlon ) e outrentveailiar S Summary| | Recall l_eaml Retrieve
» Social Information Memory Formats > Multi-path Reasoning Action Produc:tlon i e & = Decision Making
5 External Planner > Memory Recollection weather reports on o Planni
. > languages 3 Databases > Plan Following the internet, it is Agent e ﬂnnmg.
Generation Strategy > Embeddings > Lists Planning w/ Feedback Action Space likely to rain Action / Reasoning
tomorrow. Here is 2 Tools

» Handcrafting Method Memory Operation > Tools > Self-Knowledge your umbrella.

» LLM-Generation Method
» Dataset Alignment Method

» Environment Feedback Calling API ...

= Memory 5\?'_3%""9 » Human Feedback Action Impact
» Memory Writing = Mk Rzl » Environments > New Actions

» Memory Reflection ¥ Internal States
J J S/ J/

Embodiment

o 40
Lo -

-

Q: Which component of Al Agent is missing? Potential reason?
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The origin: LLM Reasoning
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Thinking Fast & Slow

THINKING,
FAST vo SLOW

DANIEL

WINNER OF THE NOBEL PRIZE IN ECONOMICS

* System 1:

Fast, automatic, pattern-based,
intuitive. It just “spits out an

answer.”

* System 2:

Slow, deliberate, step-by-step,
logical. It thinks, checks, plans,

corrects.

95-891: Introduction to Artificial Intelligence

Kahneman, Daniel. "Thinking, fast and
slow." Farrar, Straus and Giroux (2011).



LLM Reasoning

* Chain-of-Thought (CoT): A coherent series of intermediate
reasoning steps that lead to the final answer for a problem.

Standard Prompting
Model Input

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: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples
do they have?

Model Output

A: The answer is 27. x

95-891: Introduction to Artificial Intelligence

Chain-of-Thought Prompting
Model Input

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: Roger started with 5 balls. 2 cans of 3 tennis balls
each is 6 tennis balls. 5 + 6 = 11. The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples
do they have?

Model Output

A: The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3+ 6 =9. The
answeris 9.

https://arxiv.org/abs/2201.11903



LLM Reasoning — Let’s think step by step

LLMs are decent zero-shot reasoners by simply adding “Let’s think
step by step” before each answer.

(a) Few-shot

Q/Roger has 5 tennis balls. He buys 2 more cans of tenb

balls. Each can has 3 tennis balls. How many tennis balls does

(b) Few-shot-CoT

5/

ﬁRoger 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?

he have now?
A: The answer is 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A

(Output) The answer is 8. X

N /

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A: The answer (arabic numerals) is

(Output) 8 X

(c) Zero-shot

95-891: Introduction to Artificial Intelligence

A: Roger started with 5 balls. 2 cans of 3 tennis balls each is 6
tennis balls. 5 + 6 = 11. The answer is 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A

(Output) The juggler can juggle 16 balls. Half of the balls are golf
QHS. So there are 16 / 2 = 8 golf balls. Half of the golf balls are

blue. So there are 8/ 2 = 4 blue golf balls. The answer is 4. v

(d) Zero-shot-CoT (Ours)

ﬁl: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A: Let’s think step by step.

(Output) There are 16 balls in total. Half of the balls are golf
balls. That means that there are 8 golf balls. Half of the golf balls
Qre blue. That means that there are 4 blue golf balls. v

https://arxiv.org/pdf/2205.11916



Interaction Mode - ReAct

* ReAct: Synergizing Reasonsing + Acting.

r [ (1) Hotspot QA } s [ (1d) ReAct (Reason + Act) ] ~

Question: Aside from the Apple Remote, what other device Thought 1: I need to search Apple Remote and find the
program it was originally designed to interact with.

Act 1: Search[Apple Remote]

Obs 1: The Apple Remote is a remote control introduced in
October 2005 by Apple .. originally designed to control the

/————{ (1a) Standard } N { (lc) Act-Only }———————\ Front Row media center program ..

can control the program Apple Remote was originally

designed to interact with?
.

Answer: iPod )( Act 1: Search[Apple Remote] Thought 2: Apple Remote was originally designed to control

Y ) Obs 1: The Apple Remote is a the Front Row media center program. I need to search  Front
remote control .. Row next and find what other device can control it.
/{ (1b) CoT (Reason Only) }\ Act 2: Search|[Front Row]
. Obs 2: Could not find [Front Row]. Similar: ['Front Row

Thought: Let's think ste Act 2: Search|[F t R

" g E— s L [ ron. ow ] Seat to Earth', 'Front Row Motorsports',' Front Row

Yy step. pple Remote was Obs 2: Could not find [Front (software) ', ..]

originally designed to Row]. Similar:

interact with Apple TV. Thought 3: Front Row is not found. I need to search Front

Apple TV can be controlled Act 3: Search[Front Row Row (software)

by iPhone, iPad, and iPod Er— Act 3: Search[Front Row (software) ]

TouehY so the answer is obs 3: Front Row is a Obs 3: Front Row 1s a discontinued medla center software ..

iPhone, iPad, and iPcd : : :

! ! discontinued media center Thought 4: Front Row (software) is controlled by an Apple
Touch. software .. Remote or the keyboard function keys. So the answer isg
keyboard function keys.
Answer: 1Phone, iPad, iPod . ini :
r ’ Act 4: Finish[yes) )( Act 4: Finish|[keyboard function keys ] \//

\Zouch N JAN J

95-891: Introduction to Artificial Intelligence https://arxiv.org/abs/2210.03629



Interaction Mode — Plan&Act

daT, <1V > cs > arXiv:2502.01390

[of ter Sci > Human-Comy Interaction

[Submitted on 3 Feb 2025]

Plan-Then-Execute: An Empirical Study of User Trust and Team Performance When Using LLM Agents As A Daily Assistant

Gaole He, Gianluca Demartini, Ujwal Gadiraju Plom

Since the explosion in popularity of ChatGPT, large language models (LLMs) have continued to impact our everyday lives. Equipped with extemnal tools that are designed for a specific purpose (e.g., for flight booking or an alart
is a limited understanding of how they can provide daily assistance based on planning and sequential decision making capabilities. We draw inspiration from recent work that has highlighted the value of ‘LLM-modulo’ setups in
different levels of risk typically associated with them (e.g., flight ticket booking and credit card payments). To ensure user agency and control over the LLM agent, we adopted LLM agents in a plan-then-execute manner, wherei
collaborative team performance. Our findings demonstrate that LLM agents can be a double-edged sword -- (1) they can work well when a high-quality plan and necessary user involvement in execution are available, and (2) u
achieve better overall task outcomes. Our work has important implications for the future design of daily assistants and human-Al collaboration with LLM agents. /

1. User Request

AT X1V > cs > anxiv:2503.00572

2. Generate Tasks

Computer Science > Computation and Language

[Submitted on 12 Mar 2025 (v1), Iast revised 22 Apr 2025 (this version, v3)] Task List
Plan-and-Act: Improving Planning of Agents for Long-Horizon Tasks Single-Task
) _ ] o o ) ) s o> 1. AR Agent
Lutfi Eren Erdogan, Nicholas Lee, Sehoon Kim, Suhong Moon, Hiroki Furuta, Gopala Anumanchipalli, Kurt Keutzer, Amir Gholami 2. A~ —3> Loop to
Large language models (LLMs) have shown remarkable advancements in enabling language agents to tackle simple tasks. However, applying them for complex, m 3. Exec SOIVQ Task
execution details. However, generating accurate plans remains difficult since LLMs are not inherently trained for this task. To address this, we propose Plan-and-Ac! Tasks
which generates structured, high-level plans to achieve user goals, and an Executor model that translates these plans into environment-specific actions. To train the
using web navigation as a representative long-horizon planning environment, demonstrating a state-of-the-art 57.58% success rate on the WebArena-Lite benchma \__._)

5b. Re—p|an wore
LangChajn Case Studies  IntheLoop LangChain Docs Changelog Signin m Q \\\\ Tasks
]

\ RCPIGH

4. Update state
with task results

S5a. Re_spond to user " /
T i &

NG >
@ Ve Plan-and-Execute Agents
Plan and execute agents promise faster, cheaper, and more
Plan + Execute performant task execution over previous agent designs. Learn

Agents how to build 3 types of planning agents in LangGraph in this

post.

BYLANGCHAIN 5MINREAD FEB 13,2024

95-891: Introduction to Artificial Intelligence https://arxiv.org/abs/2201.11903



Interaction Mode - Reflexion

 Core Idea: Reflexion is about
enabling large language ACJL
model agents to learn from Extomal foodback
their own verbal feedback " Seff-reflection (LM) eflective
rather than direct parameter atie ot
UpdateS. [ Evaluator (LM) } Experience
e Mechanism: It uses a kind of | (long-term memory)
verbal reinforcement _
learning, where the model - epomiedtory b Acoram)
reflects on mistakes and
stores those reflections to
improve future performance.
—Obs / Reward — Environment <~— Action

95-891: Introduction to Artificial Intelligence https://arxiv.org/abs/2303.11366



Planning

e L Ms are Zero-Shot Planners

Human

GPT-3 175B

Translated GP1-3 175B

Task: Throw away paper
Step 1: Walk to home office
Step 2: Walk to desk

Step 3: Find desk

Step 4: Turn to desk

Step 5: Find chair

Step 6: Sit on chair

Step 7: Find check

Step 8: Grab check

Step 9: Squeeze check

Step 10: Stand up

Step 11: Walk to trashcan
Step 12: Put check on trashcan

Task: Throw away paper

Step 1: Walk to home office

Step 2: Walk to wastebasket

Step 3: Find wastebasket

Step 4: Grab wastebasket

Step 5: Walk to desk

Step 6: Drop paper in wastebasket

Codex 12B

GPT-2 1.5B

Task: Brush teeth
Step 1: Go to bathroom

Task: Brush teeth

Step 1: Walk to bathroom

Step 2: Walk to sink

Step 3: Find toothbrush

Step 4: Pick up toothbrush

Step 5: Put toothbrush in mouth

Step 6: Move brush around mouth
for two minutes

Step 7: Spit out toothpaste and
brush into sink

Step 8: Turn on water in sink and
rinse brush for one minute

Step 9: Turn off water in sink and
return brush to cupboard

Task: Throw away paper
Step 1: Walk to home office
Step 2: Walk to table

Step 3: Find table

Step 4: Turn to table

Step 5: Find paper

Step 6: Grab paper

Step 7: Walk to trashcan
Step 8: Open trashcan

Step 9: Put paper on trashcan
Step 10: Close trashcan

95-891: Introduction to Artificial Intelligence

Translated Codex 12B

Task: Brush teeth

Step 1: Walk to bathroom

Step 2: Open door

Step 3: Walk to sink

Step 4: Put pot on sink

Step 5: Put brush on toothbrush
Step 6: Turn to toothpaste

Step 7: Put toothpaste on toothbrush

Step 8: Put teeth on toothbrush

Walk to Kitchen

https://arxiv.org/pdf/2201.07207

Open Fridge

Close Fridge




Planning - PlanBench

Domain Method Instances correct
GPT-4 GPT-3.5 I-GPT3.5 I-GPT3 GPT-3
i 54/600 41/600 6/600
Blocksworld One-shot  206/600 (34.3%) 37/600 (6.1%) (9%) (6.8%) (1%)
(BW) Zero-shot  210/600 (34.6%)  8/600 (1.3%) - - -
CcoT 214/600 (35.6%) - - _ -
. s ) 3/200
Logistics One-shot 28/200 (149%) 1/200 (0.5%)  6/200 (3%) (1.5%) -
Domain .
Zero-shot 15/200 (7.5%) 1/200 (0.5%) - - -
4/600 14/600 0/600

Mystery BW One-shot 26/600 (4.3%) 0/600 (0%) (0.6%) (2.3%) (0%)

(Deceptive)
Zero-shot 1/600 (0.16%) 0/600 (09%) - - -
BlocksWorld COT 54/600 (9%) ; ) ) )
Mystery BW  Oneshot  12/600 2%)  0/600 (0%) ?}" g%) f]‘f ‘éﬂf :}" ‘I’gg
(Randomized) {1.5%) 08%) O.1%)

Zero-shot 0/600 (0%) 0/600 (0%) - - -

In 2022, LLMs are not planners at all!

https://arxiv.org/pdf/2206.104
95-891: Introduction to Artificial Intelligence https://arxiv.org/pdf/2305.15771


https://arxiv.org/pdf/2206.10498

Planning - PlanBench

LLMS STILL CAN’T PLAN; CAN Large Reasoning Models?

Instances correct Average Time Taken (in secs)

Domain Shots
ol-preview ol-mini Fast Downward ol-preview ol-mini Fast Downward

. 587/600 340/600 600/600 .
Blocksworld Zero Shot (97.8%) (56.6%) (100%) 40.43 10.84 0.265
Mystery One Shot {ijg’[;; i "{‘?gg‘g? 82.03 i 0.265
Blocksworld '

, 317/600 115/600 600/600 .

Zero Shot (52.8%) (19.1%) (100%) 83.37 35.54 0.265
Randomized Mystery ., 224/600 600/600
Blocksworld Zero Shot (37 34, ‘ (100%) (AL ‘ 0.265

Large Reasoning Models perform better than LLMs as a planner.

https://arxiv.org/abs/2409.13373
95-891: Introduction to Artificial Intelligence



Planning — TravelPlanner(2024

- : ™ . -
I'm going from Seattle m Information Collection
o, to California from . . .
November 6 to 10, The plan must adhere to [Tool] CitySearch[California]
<2023, | have a budget of | certain constraints, e.g., user [Result] san Francisco, Los
$6,000. For lodging, | . [|needs and commonsense. It's E Angeles,., San blego O
User prefer an entire room 1 || also vital to ... [;L:gl]ﬁliOgGI]tSearch[Seattle, San Francisco,
and the accommodations ‘ . e
must be pet-friendly. ! User Needs (Hard Constraints) [Result] No Flights.
\ + 1. Budget: $6000 6255 :
+ |2. Room Type: Entire Room (g‘ [Tool] FlightSearch[Seattle, Los Angeles,
/Let me help! To solve 1 | 3. Room Rule: Pet-friendly [ZRO::;1:]-0:1 P F123
: - i umber: ,
this problem, | need to : Commonsense Constraints 13:40-16: 1; Cost: $120
(1) analyze certain " |1. Reasonable City Route Q5
constraints, g g!verse ARestaqrants O'em & [Tool] DistanceMatrix[Los Angeles,
2) collect information - Diverse Attractions _ San Diego, taxi]
t(h) h bl Agent 4. Non-conflicting Transportation [Result] Duration: 1 hour 57 mins,
O;Onl';gcesrzgf;)?:olse use ( ’ 5. Accommodation meets Minimum Night Distance: 193 km, Cost: $200
N : :
Delivery Plan [Tool] TransportationSearch[San

e | 20 sk |Diego,Seattle, 2023-11-10]
1. CitySearch (") i | e e g < (7:59-10:56), Cost: $300 @
2. AttractionSearch(-) o |, BB - ., |[Tool] AccommodationSearch[Los Angeles]
3. FZ!.lghtSearchl( ) - o |, S | g v.. .+ |[Result] 'Cozy Room for U', $130/
4. DistanceMatrix(-) - _— night, Minimum night: 8, Entire
5. RestaurantSearch( ) Room, Pets allowed
6. AccommodationSearch ( -)

'Luxury building studio', $150/

- : - . Seattle -> Los Angeles night, Minimum night: 1, Entire
Interaction with Environment . |s Flight: F123, (13:40-16:12), Cost: $120 Room, Pets allowed Q
¥ > A ~ | * Accommodation: Luxury building studio

« Dinner: The Attraction [Tool] RestaurantSearch[Los Angeles]

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

https://arxiv.org/abs/2402.01622
95-891: Introduction to Artificial Intelligence



Plannlng TravelPlanner(2024)

Validation (#180) Test (#1,000)
} Commonsense Hard Constraint } ] Commonsense Hard Constraint )
Delivery Final = Delivery Final
Pass Rate Pass Rate Pass Rate Pass Rate
Rate Pass Rate Rate Pass Rate
Micro Macro Micro Macro Micro Macro Micro Macro
Greedy Search 100 74.4 0 60.8  37.8 0 100 72.0 0 524  31.8 0
Two-stage
Mistral-7B-32K (Jiang et al., 2023) 8.9 5.9 0 0 0 0 7.0 4.8 0 0 0 0
Mixtral-8x7B-MoE (Jiang et al., 2024) 494 30.0 0 1.2 0.6 0 51.2 32.2 0.2 0.7 0.4 0
Gemini Pro (G Team et al., 2023) 28.9 18.9 0 0.5 0.6 0 39.1 24.9 0 0.6 0.1 0
GPT-3.5-Turbo (OpenAl, 2022) 86.7 54.0 0 0 0 0 91.8 57.9 0 0.5 0.6 0
GPT-4-Turbo (OpenAl, 2023) 894 61.1 2.8 15.2 10.6 0.6 93.1 63.3 2.0 10.5 5.5 0.6
Sole-planning
DirectcpT—3.5— Turbo 100 60.2 4.4 11.0 2.8 0 100 59.5 2.7 9.5 4.4 0.6
CoTapT-3.5—Turbo 100 66.3 3.3 11.9 5.0 0 100 64.4 2.3 9.8 3.8 0.4
ReActgpT—3.5—Turbo 82.2 47.6 3.9 11.4 6.7 0.6 81.6 45.9 2.5 10.7 3.1 0.7
ReflexiongpT—_3.5—Turbo 93.9 53.8 2.8 11.0 2.8 0 92.1 52.1 2.2 9.9 3.8 0.6
Directyfixtral—8x7B—MoE 100 68.1 5.0 3.3 1.1 0 99.3 67.0 3.7 3.9 1.6 0.7
Directgemini Pro 93.9 65.0 8.3 9.3 4.4 0.6 93.7 64.7 7.9 10.6 4.7 2.1
DirectapT—4—Turbo 100 804 172 47.1 22.2 4.4 100 80.6 15.2 443 23.1 44

In 2024, TravelPlanner is too hard for LLMs.
https://arxiv.org/abs/2402.01622



Planning — TravelPlanner(2024)

Query:Please assist in crafting a travel plan for a solo traveller,
journeying from Detroit to San Diego for 3 days, from March 5th to
March 7th, 2022. The travel plan should accommodate a total budget of
$3,000.

Trajectory:
Action 1: CostEnquiry[{"people_number": 1, "day": 1,.."}]
Observation 1: Cost: The cost of your plan is 1412.0 dollars.

Thought 2: The cost for the first day is $1412, which includes the flight
and activities in San Diego. The remaining budget is $1588...

Action 2: CostEnquiry[{"people_number": 1, "day": 2,...}]

Observation 2: Cost: The cost of your plan is 721.0 dollars.

Thought 3: The cost for the second day is $721, which includes meals,
attractions, and the same accommodation as the first day. The total spent
so far is $2133, leaving a remaining budget of $867.

Action 3: CostEnquiry[{"people_number": 1, "day": 3,...}]

Observation 3: Cost: The cost of your plan is 1114 dollars.

Agnet’s ability to optimize cost-intensive

aspects of planning is limited.

Thought 4: The cost for the third day is $1114, which includes the return
flight and activities in San Diego before departure. The total cost for all
three days is now $3247, which exceeds the budget of $3000. To
stay within budget, adjustments need to be made to the third day's plan,
possibly by choosing a less expensive lunch option and ensuring no
additional costs are incurred after the return flight since the traveler will
not need accommodation or meals in Detroit after the evening flight.
Action 4: CostEnquiry[{"people_number": 1, "day": 3,...}]

Observation 4: Cost: The cost of your plan is 1105 dollars.

Thought 5: The revised cost for the third day is $1105, which includes a
more affordable lunch option. The total cost for all three days is now
$3238, which is still slightly over the budget of $3000. To further
reduce costs, I can look for a less expensive breakfast option on the third
day...

Action 5: CostEnquiry[{"people _number": 1, "day": 3,..}]

Observation 5: Cost: The cost of your plan is 1083 dollars.

Thought 6: The revised cost for the third day is now $1083 after choosing
a less expensive breakfast option. The total cost for all three days is
$3216, which is closer to the budget but still slightly over. Since
the flight and accommodation costs are fixed, the only remaining option
to adjust would be the attractions or lunch on the second day. However,
given the small amount by which the budget is exceeded, it may be
acceptable to slightly exceed the budget due to the variability of
daily expenses and the possibility of finding deals on-site. The
traveler should be prepared for a small buffer in their budget.

Action 6: Finish

https://arxiv.org/abs/2402.01622
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Planning — TravelPlanner(2025

1) Query to Steps 2) Steps to Codes

| # Initialize Z3 solver s P
# Set city to be a list contains Rockford : cities = [Rockford’]

Please help me plan a trip from St. ' . i :
Petersburg to Rockford spanning 3 days i # Assert first transportation happens at first day i s.add(departure_dates[0] = 0)
from March 16th to March 18th, 2022. —_— # Run FlightSearch() to get flight info R FlightSearch.run (...)

The travel should be planned for a single

person with a budget of $1.700. | # Set budget limit variable to be 1700 © [ budget_limit = Real Val(1700)

% LLM
Codes update ? ﬁnsat reason: invalid flight for transportation 0 \

ﬂar. 16, 2022:
- St. Petersburg -> Rockford
- Flight F123 (09:30 — 12:00)
- attraction: Aldeen Park
- lunch: Coco Bambu
- dinner: Flying Mango
- accommodation: Lower
East Dream Room!

1) Info collection FlightCheck(St. Petersburg, Rockford)
N . -> no flight available

[y 0 WD) S g 2) Analysis No flight available between St. Petersb

v We wall ! «— &—| 2) Analysis No flight available between St. Petersburg
destination city to Chicago > - and Rockford. Need to change the destination city.

3) Info collection FlightSearch(St. Petersburg)

The previous codes are: <...> .

optional feedback

-> flight available from St. Petersburg to Chicago, .
LLM Elmira, Niagara Falls, Grand Rapids... Mar. 17, 2022:
4) Suggestion Your query is not satisfiable, we suggest e
\ you to <change destination city to Chicago> / St e /

Tools are game-changer and they helps a lot!

https://arxiv.org/abs/2404.11891
95-891: Introduction to Artificial Intelligence



Planning — TravelPlanner(2025)

Delivery Commonsense Hard Constraint Final

Method Rate Pass Rate Pass Rate Pass Rate
Micro Macro Micro Macro
Validation (#180)
Greedy Search 100 74.4 0 60.8 37.8 0
TwoStage (GPT-4) 89.4 61.1 2.8 15.2 10.6 0.6
Direct (GPT-4) 100 80.4 17.2 47.1 22.2 44
Direct (o1-preview) 100 79.6 15.0 41.9 37.8 10.0
Ours (Mistral-Large) 72.2 72.0 70.6 63.3 66.7 66.7
Ours (Claude-3) 96.1 96.0 95.6 94.8 93.3 93.3
Ours (GPT-4) 95.0 95.0 95.0 95.7 98.9 93.3
Test (#1000)

Greedy Search 100 72.0 0 52.4 31.8 0
TwoStage (GPT-4) 93.1 63.3 2.0 10.5 5.5 0.6
Direct (GPT-4) 100 80.6 15.2 44.3 23.1 4.4
Ours (Mistral-Large) 69.9 69.8 69.4 63.0 67.8 67.8
Ours (Claude-3) 954 95.2 94.3 93.5 93.9 93.9
Ours (GPT-4) 91.5 914 91.1 91.3 90.2 90.2

With the help of tools, Al agent’s performance improved a lot!

https://arxiv.org/abs/2404.11891



Takeaways — Al Agent Planning

* LLMs # zero-shot planners; LRMs > LLMs. PlanBench shows plain LLMs
struggle; LRMs are noticeably stronger.

* Hard, cost-constrained tasks expose limits. On TravelPlanner, agents falter
when budgets/times and many constraints must be optimized together.

* Tool-augmented wins. Pairing GPT/Claude with an SMT solver pushes
TravelBench accuracy past 90% by enforcing constraint satisfaction.



Action/Function Calling

%

Folder Search Online Search Python Date/Time

il



Action/Function Calling

<think> It’s a math question. To do it
correctly, | will call the python

environment.

Python(23x52) -> 1196 is returned.

<\think> Python
23x52 = 1196
def Python(x,y,..):
def func1|()
def func2 ()

95-891: Introduction to Artificial Intelligence



Action/Function Calling

selected tools obs 1 action 1
1 Tool Use
Tool
<
Selection
A
Hundreds

of
Tool Descriptions

J Agent’s Memory

https://arxiv.org/pdf/231 12
95-891: Introduction to Artificial Intelligence https://arxiv.org/pdf/2502.11271


https://arxiv.org/pdf/2310.03128

Action/Function Calling

selected tools obs 1
Tool
Selection
A
,
Hundreds

of

Tool Descriptions

action 1
Make Tools

Agent’s Memory

https://arxiv.org/abs/2 1431

95-891: Introduction to Artificial Intelligence https://arxiv.org/abs/2309.17428


https://arxiv.org/abs/2305.14318

Recent — Claude Skills

Perfect! Your image editor skill is complete and ready to use. Here's what [ created:

&4 Image Editor Skill Complete

Download your skill

What's Included

The skill supparts:
« Rotatlon: Any angle (907, 180, 2707, ar custom degrees)
» Center Cropping Extract a rectangular region from the center of images
* Multiphe Formats: PNG, JPEG, GIF, BMP, WEBP

irage-editor/
p— SKILL.wd ¢ Instructions and morkfloas
— seripts/

l— edit_imaqe.ov ¥ Python script for rotation »

Reply to Claude,

+ : o Sonnetr 4.5 =

95-891: Introduction to Artificial Intelligence

https://www.youtube.com/watch?v=kS1MJFZWMq4



Takeaways — Al Agent Function Calling

* Function calling serves as both a response verification mechanism and a
way for Al agents to actively retrieve information, enabling more grounded
and reliable reasoning processes rather than relying solely on parametric

knowledge.

* Thetool set keeps growing, and strong agents can even write/attach new
tools (APIs, scripts, wrappers) on the fly when gaps appear.

* Beyond single APIs, agents can package procedures as modular skills
(plans/policies) that are composable, shareable, and callable in future

tasks.



Time
seconds
’ minutes
Human
Memory
years

Short-Term Memory

Long-Term Memory

Sensory
Memory

Working
Memory

Explicit
Memory

Implicit
Memory

(L

© >))@ AA\@ @7 =

L)
Touch

Vision Hearing Smell Taste

Silently recite the phone
number when dialing on »
a mobile phone.

©C®
e

¢ £ 4 What did | eat
Q é’ \\Y yesterday?

Episodic Memory

K? Playing Golf & Cycling »

Procedural Memory

The color of
zebra stripes.

Semantic Memory
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T= e .j»») n @ 0000 —
1ol
Text Image Audio Video
@ py — e
= >
& -
Dialogues  Chain of Thought Prompt Cache o0,
(Personal) (System) (Parametric) = Al =
o— )
=] Memory InJec-tlon l |—)
et » |  LLM-driven Al
Episodic Memory Semantic Memory Memory
(Non-Parametric) (Parametric)
S—=0 Learning «
W Task 4 1EF) skl =
o— lOr=e) !

Procedural Memory
(Non-Parametric & Parametric)

https://arxiv.org/pdf/2504.15965



Memory — ChatGPT’s Memory

Q: Do we have access to ChatGPT’s Long-Term Memory?

95-891: Introduction to Artificial Intelligence https://arxiv.org/pdf/2504.15965



Memory — Recent Work

MemGPT: Towards LLMs as Operating Systems

Charles Packer ! Sarah Wooders! Kevin Lin !
Vivian Fang! Shishir G. Patil' Ion Stoica’ Joseph E. Gonzalez '

A-Mem: Agentic Memory for LLM Agents

AGENT WORKFLOW MEMORY Waujiang Xul, Zujie Liangg, Kai Meil, Hang Gaol, Juntao Tanl, Yongfeng Zhangl’3

1Rutgers University 2Independent Researcher °AIOS Foundation
wujiang.xu@rutgers.edu

Zora Zhiruo Wang | iaynan Mao ™  Daniel Fried C  Graham Neubig C
¢ Carnegie Mellon University M Massachusetts Institute of Technology

95-891: Introduction to Artificial Intelligence



Takeaways — Al Agent Memory

* Al agent memory systems are modeled after human cognitive architecture,
implementing both short-term memory (for immediate context) and long-
term memory (for persistent knowledge storage).

* |Important information can be transferred from short-term to long-term
memory, mimicking the consolidation process in human memory where
significant experiences are retained while transient details fade.

* Keyopen problemsinclude: how to store memory efficiently at scale, how
to dynamically manage memory updates and forgetting, and how to
accurately retrieve relevant memories when needed—all critical for building
practical, long-running agents.



Al Agent System Architectures



Single-Agent Systems

A single-agent system works like a solo specialist. It’s designed to

operate independently, using its own logic and models to get things
done, no hand-holding, no teamwork. It collects data, makes
decisions, and executes actions, all on its own.



Multi Agents Systems (MAS) Structures

'! ' ! .. . .. ;5 1(Es

dc—i ~—h '5 c—i II
Followers N / Followers
a. Equi-level structure b. Hierarchical structure c. Nested structure

Think of a multi-agent Al system as a high-functioning team, not a
solo act. Instead of relying on a single Al to do everything, it brings
together multiple Al agents—each one responsible for a part of the

problem. These agents talk to each other, collaborate, and adapt to

C ha nges In real time. 95-891: Introduction to Artificial Intelligence https://arxiv.org/abs/2402.03578



Multi Agents Systems (MAS) Structures

----------------------------------

12 32 2
oh jo o
12 T =
oh — o .
& : Goal = A Goal Goal
2 TR DR
o no ' o
sl | e D,
Cooperative : Competitive : Mixed

95-891: Introduction to Artificial Intelligence https://arxiv.org/pdf/2401.03428



Multi Agents Systems (MAS) Structures

B Single Model [ Multi-Model Debate

100
100
82
75
>
E 50
3
3
< 25
0
Biographies MMLU Chess Move Arithmetic Grade School Chess Move
Validity Math Optimality

* Multi-agent debate makes the system smarter in findings.

95-891: Introduction to Artificial Intelligence https://arxiv.org/pdf/2305.14325



Single Agent vs. Multi Agents

Q: Is Multi Agents System always better than the
Single Agent System?

95-891: Introduction to Artificial Intelligence



Single Agent vs. Multi Agents

Q: Is Multi Agents System always better than the
Single Agent System?

Not really!
* MAS’s advantage diminishes as models become stronger.

MAS.-Dataset Original (ChatGPT) Gemini-2.0-Flash

SAS MAS  Improv. (%) SAS MAS  Improv. (%)
MetaGPT-HumanEval 67.0% 87.7% 10.7% 90.2% 93.2% 3.0%
SelfCol-MBPP 52.2% 68.2% 16.0% 79.6% 80.8% 1.2%
MathDebate-GSM8SK 77% 85% 9% 93.8% 94.6% 0.8%

95-891: Introduction to Artificial Intelligence https://arxiv.org/pdf/2505.18286



Single Agent vs. Multi Agents

Q: Is Multi Agents System always better than the
Single Agent System?

Not really!

* Researchers from JHU demonstrate that debate can lead to a
decrease in accuracy over time. Models frequently shift from
correct to incorrect answers in response to peer reasoning.

* Besides, MAS is slower and requires more computation.

95-891: Introduction to Artificial Intelligence https://arxiv.org/pdf/2509.05396v2



Single Agent or Multi Agents?

=)

rﬁ

e The taskis focused and linear

* One system ordomain is
Involved

* You need a fast prototype or
lightweight solution

* Tasks involve multiple distinct
roles

* The process spans across
tools and teams

e Decisions need coordination
or negotiation between agents

https://arxiv.org/pdf/2509.05396v2



Frameworks In Practice

AGENT FRAMEWORKS

=] Letta
H DSPy

LangGraph AutoGen

N
phidata = Semantic Kernel AUTOSP|;

Llamalndex
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Current Challenges
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Challenges - Reasoning

* Faithfulness of Reasoning

* Chain-of-thought (CoTl) explanations are frequently unfaithful: the model
gives a nice-sounding step-by-step story that did not actually cause its
final answer. Bigger / stronger models do this too, not less.

* Overthinking

* Several studies show that after a certain point, more steps = more
chances to introduce an error, second-guess a correct answer, or talk

themselves into a wrong conclusion.

https://arxiv.org/
https://arxiv.or

/2
/2

2

17

2

1
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https://arxiv.org/abs/2305.04388
https://arxiv.org/abs/2402.04614
https://arxiv.org/abs/2406.1062
https://arxiv.org/abs/2307.13702
https://arxiv.org/abs/2402.1
https://arxiv.org/abs/2505.13774



https://arxiv.org/abs/2502.08235
https://arxiv.org/abs/2505.17813
https://arxiv.org/abs/2305.04388
https://arxiv.org/abs/2402.04614
https://arxiv.org/abs/2406.10625
https://arxiv.org/abs/2307.13702
https://arxiv.org/abs/2402.13950

Challenges - Tool use reliability

Q: What if internal knowledge and external knowledge
Is conflicting?

External
Knowledge

Internal
Knowledge

95-891: Introduction to Artificial Intelligence



Challenges - Tool use reliability

* LLMs will increasingly revert to their priors when the original
context is progressively modified with unrealistic values.

* The likelihood of the LLM to adhere to the retrieved information

presented in context is inversely correlated with the model’s
confidence in its response.

4 )\
Question: * Reference Document
What is the Short-acting injection:
maximum daily Initial: 5 to 10 mg; may
dosage of repeat based on response

olanzapine for the
treatment of
agitation/aggression
associated with

and tolerability 2 hours
after initial dose and 4
hours after second dose;
maximum: 30 mg/day

|

psychiatric disorders (including oral
in adults? olanzapine)
J
O 4
4
Prior Response: Response w/ RAG:
20 mg 30 mg

AN

<

Response w/

Modified Documents Modified RAG LLM prefers:
o s.maximum: | £ 20mg Prior
2x: "6"0 mn":‘;‘}g‘a‘;m L : 60.0 mg RAG
1ot omam; | Cy[ z0mg
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Challenges — Long Context

Glyph: Scaling Context Windows via Visual-Text Compression

DeepSeek-OCR: Contexts Optica] Compression Jiale Cheng!?* , Yusen Liu?* , Xinyu Zhang?* , Yulin Fei’>* , Wenyi Hong?3
Ruiliang Lyu? , Weihan Wang? , Zhe Su? , Xiaotao Gu? , Xiao Liu?? , Yushi Bai*?

Jie Tang?, Hongning Wang' , Minlie Huang'*
Haoran Wei, Yaofeng Sun, Yukun Li 1The Conversational Artificial Intelligence (CoAI) Group, Tsinghua University
2Zhipu Al
3The Knowledge Engineering Group (KEG), Tsinghua University

chengjl23@mails.tsinghua.edu.cn, aihuang@tsinghua.edu.cn

DeepSeek-Al

Recent work try to solve the long context problem by turning long
contexts into 2D images so the LLMs can deal with extreme long
content efficiently while still keeping the meaning intact.

95-891: Introduction to Artificial Intelligence



Summary

* Al A%ent =Al + A% ent: Al agents transform passive LLMs into active
problem-solvers by enabling autonomous interaction with environments,
allowmg them to tackle diverse problems independently rather than just
responding to queries.

* Core Components: Reasoning-Driven Architecture Reasoning serves as
the foundational capability, supported by three critical components:
planning (task decomposition and strategy), function calling (tool use and
Information retrieval), and memory (context retention and knowledge
consolidation).

* Single vs. Multi-Agent: Task-Dependent Trade-offs Architecture choice
depends on task complexity and structure. Notably, the advantages of multi-
agent systems are diminishing as individual LLMs become more capable,
reducing the need for agent specialization and coordination overhead.

* Key limitations remain unsolved: reasoning imperfections ﬁhallucmatlons
and overthinking), unreliable function calling execution, and long-context
management issues that affect both performance and scalablllty
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