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Era of Agentic Al

User

Query:

Buy ingredients for Alfredo Pasta. ———*

Spaghetti, Alfredo source, and Parsley
are ordered. Check-out the order page.

Agentic Al Environments

Thinking:

To make Alfredo Pasta, the following
ingredients are necessary: Spaghett;,
Alfredo source, and Parsley.

To buy these ingredients, visit

amazon.com.

Tool-calling: < s

request_page(“amazon.com’) . amazon
— —

Response:

<« Spaghetti, Alfredo source, and Parsley

are ordered. Check-out the order page.

@ What's under the hood? We will consider the following questions:

» What's the core components and how do they work?
» How to tame LLMs for Agentic Al?
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Outline

© In-Context Learning
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From Model Learning to Context Learning

Rethinking on Learning?

Learning by Model Update = In-Context Learning

@ Previous: update model parameters
@ Part of current trends: preconditioning via prompting

© (observation) in-context learning empirically works [Brown et al., 2020]
@ (interpretation) in-context learning & gradient descent [Von Oswald et al., 2023]
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Language Models are Few-Shot Learners [Brown et al., 2020]

outer loop

Learning via SGD during unsupervised pre-training \
7 5 5
5 E Q = . = 1)
+8=13 3 gaot => goat 2 thanks => merci ]
= 3 =
= 2 =
7+2=9 4] sakne => snake e hello => bonjour 4]
3 =3 3
o 3 o
_ 1+8=1 2 brid => bird o mint => menthe o
inner loop 3 3 3,
S 5 S
3+4=7 =] fsih => fish @ wall => mur @
5+ 9 =14 dcuk => duck otter => loutre
9+8=17 cmihp => chimp bread => pain
V

sequence #1

@ Outer loop: conventional model learning (e.g., pretraining)

sequence #2

sequence #3

@ Inner loop: in-context learning (e.g., providing labeled examples in context)
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Does In-Context Learning Work?

Zero-shot One-shot Few-shot

175B Params

Natural Language
Prompt

\

Accuracy (%)

13B Params

1.3B Params

Number of Examples in Context (K)

@ Evaluated in toy tasks (i.e., “character manipulation” tasks)

@ Some interesting questions:

» Why does it work?
» When in-context learning work? (or any assumptions?)
» Is the LLM adaptive to new tasks?
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Why Does In-Context Learning Work? [Von Oswald et al., 2023]

Transformers Learn In-Context by Gradient Descent

Johannes von Oswald ! 2 Eyvind Niklasson? Ettore Randazzo? Jodo Sacramento !
Alexander Mordvintsev?> Andrey Zhmoginov? Max Vladymyrov >

@ Interpret in-context learning theoretically
@ In-context learning in Transformer forward passes a2 gradient-based optimization (under some

conditions)

> “When training Transformers on auto-regressive tasks, in-context learning in the Transformer
forward pass is implemented by gradient-based optimization of an implicit auto-regressive
inner loss constructed from its in-context data.”
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Recall Gradient Descent

Regression Objective

N
1
L(W) = 7 > Iwsi = yill?
i=1

@ We assume the linear regression problem.
@ W: parameters of a linear model

@ N: the number of data points

@ x;: an example

@ y;: a label
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One Step of Gradient Descent

Update Rule

N
. = T— i 'T
; where N - VwL(W) Z(WX, ¥i)X; Zr,x,

zld

@ 7): a learning rate

@ r;: residual — measures the degree of prediction error
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Effect of One Step of GD on Prediction

Prediction

N N
¥ = W= (W = r,-X,-T> xj = Wi =0 > ri(x" ;)

-—ypold

@ X a new example

o W+ W-—vo Z,N:l rix;: one step of GD, where n/ = {

@ Ay;: prediction correction — this has an interesting structure
N

Z x x;) Z(residual) x (similarity)
i=1 i=1
> (residual) = Wx; — y;
» lIgnoring 1/, the “new” prediction is corrected by prediction errors (=residual) on seen and
similar examples.
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Recall Attention

Linear Attention

Attn(q) = Z vi(qT ki) = Z(value) X (similarity)
i i
@ g: query — e.g., an embedding vector of the current token

@ k: key — e.g., an id for a previous token's embedding vector

@ v: value — e.g., an embedding vector for the chosen key

@ Here, assume that linear attention without Softmax — as you know, the following is the original
attention: ;
exp(q;’ kj)

Attn(q) = aj jvj where ajj = =4—— "+
Z 1Y) ) Zj/ exp(q,-Tkj/)
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Mapping Between Prediction Correction and Linear Attention

Mapping Trick

q=x ki = x; vi=r=Wx —y
S—— —
(=current token) (=a previous token) (=residual of the previous token)

@ consider the following few shot prompt:

1+2=3
1+3=4
1+4=2

@ g = x;: e.g., an embedding vector of “?" along with its context from previous tokens
@ ki = x;: e.g., a key embedding vector of "4" along with its context (e.g., “1 4+ 3 ="
® v; =r;: e.g., (an embedding for the prediction of 3) — (an embedding for 4)

» assume that it is given, but can Transformer infer this?
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Prediction Correction by GD = Linear Attention

Comparison

= Z ’i(XiTXj)
Attn(x;) Z v,(qj Z r,(xTx,)

@ Exactly Ay; = Attn(x))
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Prediction Update by GD = Attention Residual Update

Comparison

(Prediction Update) y;, =97 —n' Ay,
~~
correction
(Attention Update) h; = h; + Attn(h;)
——

correction

@ What is the implication?

» parameter update = attention rewiring?
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Recap

@ A very LLM is a meta learner.

> In-context learning is working, empirically validated.
» Actually, in-context learning in auto-regressive Transformer is very related to learning by
one-step GD.

@ Then, what is needed for learning agentic Al?

in-context learning?

context engineering?

post-training?

more few shots for in-context learning v.s. larger model?

vV vyVvYyy
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Outline

e Agentic Al
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Agentic Al

Components of Agentic Al
Agentic Al = LLM + Memory + Tools + Planning + Feedback

LLM: language understanding and generation
@ Memory: state representation (e.g., maintaining context)

Tools: methods to interact with external worlds

Planning: divide a goal into sub-goals

Feedback (or reflection): self-verification to re-planning

How do they actually implemented?
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QOutline

In this class, we will see the following:
@ CoT —an LLM is a reasoning model [Wei et al., 2022]
@ Toolformer — an LLM can call tools [Schick et al., 2023]
@ ReAct — combine reasoning and acting i.e., a foundation of Agentic Al [Yao et al., 2022]
@ Reflexion — an LLM can be self-improving with feedback [Shinn et al., 2023]

@ Harness design — system engineering is getting important (report by Anthropic)
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Chain-of-Thought [Wei et al., 2022]

Standard Prompting Chain-of-Thought Prompting
{ Model Input _~ Model Input \
Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now? tennis balls does he have now?
A: The answer is 11. 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 Q: The cafeteria had 23 apples. If they used 20 to
do they have? make lunch and bought 6 more, how many apples
do they have? J
Model Output Model Output
A: The answer is 27. x 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

answer is 9.
- v J

@ Implication: LLMs can generate right reasoning with proper context without reasoning supervision
during pretraining

@ LLM can do reasoning (v'), tool-calling (X), self-verification (X), remembering long context (X) )
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Toolformer [Schick et al., 2023]

The New England Journal of Medicine is a registered
trademark of [QA(“Who is the publisher of The New
England Journal of Medicine?”) — Massachusetts
Medical Society] the MMS.

Out of 1400 participants, 400 (or [Calculator(400 / 1400)
— 0.29] 29%) passed the test.

The name derives from “la tortuga”, the Spanish word for
[MT(“tortuga”) — turtle] turtle.

The Brown Act is California’s law [WikiSearch(“Brown
Act”) — The Ralph M. Brown Act is an act of the
California State Legislature that guarantees the public's
right to attend and participate in meetings of local
legislative bodies ] that requires legislative bodies, like
city councils, to hold their meetings open to the public.

@ LLMs can teach themselves to use external tools with simple SFT.

» LLMs know how to use APl so SFT simply encourages this.
> See details for the paper.

@ LLM can do reasoning (X), tool-calling (v), self-verification (X), remembering long context (X),; 3,



Data Collection Pipeline for SFT (1/3)

LM Dataset — .2 .3 LM Dataset
Sample API Calls Execute API Calls Filter API Calls with API Calls
X, = Pittsburgh is cz1 = What other name is rl‘ = Steel City Li(cl1 — Steel City) X" = Pittsburgh is
"~ alsoknown as Pittsburgh known by? <min(L(c! - €), L(€)) also known as
- [QA(What ...?
X, = the Steel City ;> = Which country is r# = United States Ly(c— United States) — Steel City)]
min(L(c? - €), L(€)) the Steel City.

Pittsburgh in?

Sample API Calls:
@ For each i-th prefix (e.g., “Pittsburgh is also known as”,
@ Choose candidate positions based on the following quantity:

pm(<API> | P(x), x1.i-1)

» M: an LLM, <API>: a special token
» P(x): a system prompt to encourage API calling.

© Sample multiple API calls, e.g., <API> a.(i.) </API>

> ac: APl name, i.: APl input
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Data Collection Pipeline for SFT (2/3)

1 2
LMDataset = gl API Calls Execute API Calls

X, = Pittsburgh is C(] = What other name is r“ = Steel City
" also known as Pittsburgh known by?
X, = the Steel City ¢ 2= Which country is r2 = United States

Pittsburgh in?

Execute API Calls:

© Execute API calls to obtain results, i.e.,

Convert <API> a.(i.) </API> into

» Some invalid API calls may be filtered.

e

3 _, [MbDataset
Filter API Calls with API Calls
Ly(c;* — Steel City) x" = Pittsburgh is
<min(L(c;' — &), L&) also known as
[QA(What ...2
Lyc*— United States) — Steel City)]
>min(L(c? — €), L(e)) the Steel City.

<API> a(i.) — rc </API>
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Data Collection Pipeline for SFT (3/3)

1 2 3 LM Dataset
EMiDatasets 8 — Sample API Calls — Execute API Calls — Filter API Calls " with API Calls
X, , = Pittsburghiis c;' = What other name is 1! = Steel City Lc;! — Steel City) X" = Pittsburgh is
also known as Pittsburgh known by? < rnin(L‘(cxl —g), Lx(e)) also known as
[QA(What ...?
X,, = the Steel City ;> = Which country is r2 = United States Ly(c*— United States) — Steel City)]
Pittsburgh in? min(L(c?— ), L(e) the Steel City.

Filter API Calls:
© Choose API calls that are useful for the next token prediction, i.e., satisfying the following:

Li(e(ci, ri)) — min(Li(0), Li(e(ci, 0))) > 7¢

“Call API" “don’t call API”

> e(c,r) = <API> a.(i.) — r </API>
» Li(z) = — EJ'.':,. log pm(x;j | Z,x1.j—1): negative log-likelihood

@ Now, we have a SFT dataset
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Inference for Toolformer

The New England Journal of Medicine is a registered
trademark of [QA(“Who is the publisher of The New
England Journal of Medicine?”) — Massachusetts
Medical Society] the MMS.

Out of 1400 participants, 400 (or [Calculator(400 / 1400)
— 0.29] 29%) passed the test.

The name derives from “la tortuga”, the Spanish word for
[MT(“tortuga”) — turtle] turtle.

The Brown Act is California’s law [WikiSearch(“Brown
Act”) — The Ralph M. Brown Act is an act of the
California State Legislature that guarantees the public's
right to attend and participate in meetings of local
legislative bodies.] that requires legislative bodies, like
city councils, to hold their meetings open to the public.

@ Decoding stops if it meets a special token —.
@ API call is executed to obtain its return.

© Add a return in the context and restart decoding.
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ReAct [Yao et al., 2022]

(1) Hotspot QA

[ (1d) ReAct (Reason + Act) ]—

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
Front Row media center| program ..

Question: Aside from the Apple Remote, what other device
can control the program Apple Remote was originally
designed to interact with?

(la) Standard

Answer: iPod

(1b) CoT (Reason Only)

Thought: Let's think step Act 2: Search[Front Row ]
by step. Apple Remote was Obs 2: Could not find [Front
originally designed to Row]. Similar: ..

Act 1: Search[Apple Remote]
Obs 1: The Apple Remote is a
remote control

Thought 2: Apple Remote was originally designed to control
the Front Row media center program. I need to search Bront
Row next and find what other device can control it.

Act 2: Search[Front Row]

Obs 2: Could not find [Front Row]. Similar: ['Front Row
Seat to Earth', 'Front Row Motorsports',' ErontiRow
(software) ', ..]

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

Apple TV can be controlled
by iPhone, iPad, and iPod
ESUSHY So the answer is
iPhone, iPad, and iPod
Touch.

Act 3: Search(Front Row
(software) ]

Obs 3: Front Row is a
discontinued media center
software

Row (software)
Act 3: Search[Front Row (software)]
Obs 3: Front Row is a discontinued media center software ..

Thought 4: Front Row (software) is controlled by an Apple
Remote or the keyboard function keys. So the answer is

keyboard function keys.

Answer: iPhone, iPad, iPod X Act 4: Finish[keyboard function keys ) \/

Act 4: Finish[yes|]
Touch

@ Synergizing reasoning and acting (=tool-calling) with PaLM-540B
» few-shot in-context learning
» action = thought + tool-calling
> three action types: (1) search[entity], (2) lookup[string], (3) finish[answer]

@ LLM can do reasoning (v'), tool-calling (v'), self-verification (X

remembering long context (X}, 5,



Reflexion [Shinn et al., 2023]

Trajectory

()
Evaluation
(internal /

1. Decision making

3. Reasoning

You are in the middle of a room
[...] Task: clean some pan and put
it in countertop.

2 ing
Task: You are given a list of two
strings [...] of open '(' or close

')' parentheses only [...]

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

[...1

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

def match parens (1lst):
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”

Rule/LM Heuristic:
Hallucination.

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

Environment Binary Reward:
0

(d)
Reflection

(e) Next
Trajectory

[...] tried to pick up the pan in
stoveburner 1 [...] but the pan

[...] wrong because iEloniy/checks
i thetotalllcount! of open and

close parentheses is equal [...]

(({...] failed because I incorrectly |

assumed that they both had the
same multiple professions [...]

was not in stoveburner 1. [...) order of the parentheses [.. accurately identifying their
|_professions.
[...] Action: take pan 1 from Think: [...] So the profession

stoveburner 2
Obs: You put the pan 1 in
countertop 1.

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

John Lanchester and Alan Dean
Foster have in common is novelist.
Action: “novelist”

@ Reflexion = In-context reinforcement learning

» Provide verbal feedback (called Reflexion) to guide actions
» Use GPT-3 — for in-context learning

@ LLM can do reasoning (X), tool-calling (X), self-verification (v), remembering long context (X)
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RL via Reflexion

Agent

External feedback -
. Seftreicton (L)
e Reflective

Internal
feedback

text

Experience
(long-term memory)

Actor (LM)

Evaluator (LM)

Trajectory
(short-term memory)

~—Obs / Reward Environment  -— Action

Algorithm 1 Reinforcement via self-reflection

Initialize Actor, Evaluator, Self-Reflection:

Mg, M, M,

Initialize policy mg(a;|s;), 0 = {M,, mem}

Generate initial trajectory using 7

Evaluate 7 using M,

Generate initial self-reflection srg using M,

Set mem « [srg]

Sett =0

while M, not pass or ¢ < max trials do
Generate 7¢ = [ao, 0o, - - - G5, 0;] USing o
Evaluate 7 using M,
Generate self-reflection sr; using M,
Append sr; to mem
Increment ¢

end while

return

actor (mg): LLMs, CoT, ReAct — generate an action

Evaluator (M,): evaluate a trajectory (reward functions e.g., LLM-as-Judge, generated unit tests)

“reflective text”: informative textual reward (= return)

persistent memory = a value function

Any uncomfortable part?
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Harness Design (by Anthropic)

Harness design for long-running
application development

[ 14

RUblEhed Mag24 2020 Harness design is key to performance at the frontier of agentic coding. Here's how
we pushed Claude further in frontend design and long-running autonomous
software engineering.

@ This is a tech report on keys to design long-running coding agents.
@ What is harness?
@ Trend: LLMs — Agentic Al — Runtime system design

@ Agentic Al “need to do” reasoning (v'), tool-calling (v), self-verification ('), remembering long
context (v')
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Failure Modes in Designing Long-running Agents

@ ‘“Context Anxiety”

» due to the limited context size, an agent are trying to wrap up tasks.
> previously: a single agent — still limited context

» improvement: context reset + “state summary” — making harness on “state summary” that
works well across reset

@ ‘“Self-evaluation Bias”

» Confidently praising the work — e.g., “That’s an insightful question! ..."
» Separation between a Generator and an Evaluator — inspired by GAN
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Anthropic’s Solution in Designing Long-running Agents
Agentic Al = Planner + Generator 4+ Evaluator
@ Planner:

» From a simple prompt (a task description), generate specification and task decomposition
> = reasoning
> harness: e.g., task decomposition and task ordering

@ Generator:

» Conduct a task (e.g., generate code)
» harness: e.g., tool calling (or providing a set of feasible tools)

© Evaluator:

> Real world testing (e.g., use MCP to click a web page for Ul feature testing)
> harness: e.g., interaction with a web browser, unit tests for code, building code

what is harness?
harness = LLM or LLM-based SW
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Recap

@ Learning in Agentic Al: mostly in-context learning
@ Design paradigm: LLM — CoT — Toolformer — ReAct — Reflexion — Harness design

@ What could be the attack surface of agentic Al?
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