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Ciao, I’m Jacopo!

| Co-founderand CTO at Bauplan.
Backed by E, SPC, Wes McKinney, Spencer Kimbol, Chris Re et al.

| 10yearsup and down the stackin R&D and open source

ICML, KDD, VLDB, NAACL, WWW et al, >2k stars, >50M+ downloads.

How Well Can LLMs Negotiate? NEGOTIATIONARENA Platform and Analysis

Federico Bianchi' Patrick John Chia® Mert Yuksekgonul! Jacopo Tagliabue® Dan Jurafsky' James Zou'

Abstract e | syomprompt | [[Biue | Systom prompt_]

Negotiation is the basis of social interactions; hu-
‘mans negotiate everything from the price of cars
to how to share common resources. With rapidly
‘growing interest in using large language models
(LLMs) to act as agents on behalf of human users,
such LLM agents would also need to be able to
negotiate. In this paper, we study how well LLMs
can negotiate with each other. We develop NEGO-
TIATIONARENA: a flexible framework for evaluat-
ing and probing the negotiation abilities of LLM
agents. We implemented three types of scenar-
jos in NEGOTIATIONARENA to assess LLM’s be-
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Today

Why should you care about Al agents?
Whatis “agentic Al”?
How do you build agents?

Challenges and opportunities.

[0 README &5 License

Introduction to Al agents (Columbia University 2025)

Overview

This repo contains code snippets used for my 2025 lecture at Columbia University, an introduction to Al Agents
(slides TBA) titled: "From LLMs to agents: The road to autonomy is paved with good intentions".

Setup



https://github.com/jacopotagliabue/intro-to-ai-agents-columbia-2025

Agents everywhere



Everybody wants to do “agentic Al”

. . Anthropic CEO says 90% of code written by teams at the
» By 2028, 33% of enterprise software applications are predicted to include Al company is done by Al — but he's not replacing engineers

justye
agents. Jy

* Roughly 90% of businesses see agentic Al as a potential source of
competitive advantage.

The rise of Al agents
and collaborative
automation

How autonomous Al agents are
redefining business process
automation




"Agentic Al is like teenage sex: everyone
talks about it, nobody really knows how
to doit, everyone thinks everyone else is
doing it, so everyone claims they are
doingit.”



Agents-as-adaptive-systems

2007
Inthe “computational science” literature, agents are
programs modelling behavior. They are often characterized
by their ability to adapt:

COMPLEX
| Sensing: perceive the world A D A P T I V E
SYSTEMS

| Thinking / Evaluating: strategize next action, evaluate
progress

| Acting: change the world
AN INTRODUCTION TO

sensing COMPUTATIONAL MODELS
| OF SOCIAL LIFE

acting f John H. Miller and Scott.E. Page



https://www.amazon.com/Complex-Adaptive-Systems-Introduction-Computational/dp/0691127026

Agents-as-adaptive-systems

Inthe “computational science” literature, agents are
programs modelling behavior. They are often characterized

by their ability to adapt:

| Sensing: perceive the world El Farol Bar problem
Article Talk
| Thinking / Evaluating: strategize next action, evaluate From Wikipedia, the free encyclopedia

The EI Farol bar problem is a problem in game theory. Every Thursday night, a
fixed population want to go have fun at the El Farol Bar, unless it's too crowded.

progress

| Acting: change the world

sensing

(S0

acting

|
)
*




=) Agents-as-adaptive-systems

~ Hugging Face 2024

Let’s go more formal

Now that you have the big picture, here’s a more precise definition:

“An Agent is a system that leverages an Al model to interact with its environment in order to achieve a user-
defined objective. It combines reasoning, planning, and the execution of actions (often via external tools) to fulfill
tasks.”


https://huggingface.co/learn/agents-course/en/unit1/what-are-agents

Are agentsreally different? RAG vs Agents

| Isn’tRAG about “tools” as well?

o InRAG, the codercalls the tool (the

database)in a pre-defined, one-shot

manner:

______________________________________________

o Pre-defined: any questionis solved

by the same logical flow.

o (Typically) One-shot: thereisone

LLM completion callforeach

question.

r
[




Are agentsreally different? RAG vs Agents

| Isn’tRAG about “tools” as well?

o

Inagentic Al, the LLM callstoolsina

adaptive, multi-shot manner:

Adaptive: each problemcanbe
solved through a different
combination of actions and

reasoning.

(Possibly) Multi-shot: the LLM gets
repeatedly called with updates from
the “world” to progressively refine its

reasoning, until a final answer.

______________________________________________

o




The ReActloop: a firstlook

|  Agents are awhileloop, with:

o Ageneral purpose (“helping user with their Python
code”) [system prompt]

o Aspecificuserquestion (“how do | write a pandas
script that does X?”) [user prompt ]

o Anacceptance condition (“Stop when code runs”)
o Toolstoactintheworld (“APythoninterpreter”)

o Context, asinthe accumulation of the results of
actingin the world through tools (“What code was
generated, which error was raised”)

REACT: SYNERGIZING REASONING AND ACTING IN
LANGUAGE MODELS

Shunyu Yao*!, Jeffrey Zhao?, Dian Yu?, Nan Du?, Izhak Shafran?, Karthik Narasimhan', Yuan Cao®
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http://arxiv.org/pdf/2210.03629
http://arxiv.org/pdf/2210.03629

The ReActloop: a firstlook

| Observation #1: since LLMs are functions from

string to string, everything needs (prima facie) to

be “text”, including tool calls!

______________________________________________

text — |9¢) — text

~——

[ Context

o

Reasoning ]

‘ D
( Tool #1 > (TooI#Z >—i—

REACT: SYNERGIZING REASONING AND ACTING IN
LANGUAGE MODELS
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The ReActloop: a firstlook

| Observation #2: unlike RAG, LLMs can

self-correct (aslong as the feedback fromthe

worldis “useful”)

~——

[ Context

o E.g.usetoolltosolve aproblem, get an error, put

the errorin the context, reason better, use tool2,

y

o

etc.

REACT: SYNERGIZING REASONING AND ACTING IN
LANGUAGE MODELS
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@) Agents-as-a-continuum

“Agentic Al” is a very broad category, and practitioners often
talk past each other. The important takeaway when
discussing agentsis thatinreality there is a continuum of

“agency / autonomy”: ¥ Hugging Face

Agency What that’s
Level Description calle
|  Achatbotaccessing some APIs to answer a question = -
Agent output has no impact on Simple

may be called an agent (“canyou please check the
R §%3%d Agent output determines basic control  Router
status of my Amazon order?”).
2.8 84 Agent output determines function Tool caller

I ClaUde COde ﬁXing your Python pro.jeCt may be Ca”ed Yok k Agent output controls iteration and Multi-step
anagent (“canyou please search the bauplan docs
and update the APIs to the latest version™?).

Yok k One agentic workflow can start Multi-Agent

another agentic workflow

Example pattern

process_llm_output(llm_response)

if 11m_decision(): path_a() else:
path_b()

run_function(1lm_chosen_tool,

11m_chosen_axgs)

while 11m_should_continue():

execute_next_step()

if 11m_trigger(): execute_agent()

| Adeepresearchagent may be called anagent (“read
all the latest papers on JOIN optimizations to improve
this SQL query running in my Snowfilake”).




How to build an agent



Building a ReACT agent: text-to-tool-to-text

ReACT =reasoning + acting, but
| Reasoningis “easy”, as we are entirely
offloadingthatto an LLM.

o  Sure,we needto provide contextanda
good prompt (we’ll get to that later), but
thereisno” interface” challenge.

| Actingis non-obvious, as words do not
really have an effect on the (digital) world

o atravelagentneedstouse weatherAPlIs
to get next week’s temperature fora
destination - APIs needs to be called
from a Python script, we cannot
“describe them”.

-~ text — [99) — text



Building a ReACT agent: text-to-tool-to-text

ReACT =reasoning +acting, but |  Observation #1: since LLMs are functions from

| Reasoningis “easy”, as we are entirely
offloadingthatto an LLM.

string to string, everything needs (prima facie) to

be “text”, including tool calls!

o  Sure,weneedto provide contextanda

good prompt (we’ll get to that later), but -~ text $ text

thereisno” interface” challenge.

| Actingis non-obvious, as words do not How do we

text-to-http?
"3 i

http — text -

really have an effect on the (digital) world

o atravelagent needstouse weather APIs

to get next week’s temperature fora

destination - APIs needs to be called

from a Python script, we cannot

“describe them”.



Building a ReACT agent: text-to-tool-to-text

The key insight is using text from the LLM to “instruct”
the outer Pythonloop that the coder sets up:

|  Addatooldescriptionto the system prompt so
thatthe LLMknows it canuseit

o  “Tocheckthe temperature, you can call the
weather tool passing a destinationas a
parameter”

| Addanaming convention to the system prompt
so the outerloop can parse the output

o  “Whenyouneedto callatool, output the tool
name as for example <tool>weather</tool> and
parameters as <parameter>nyc</parameters>

[ Prompt ]

[ Context ]e --------------- ,

“toknowthe C, let’s
use <tool>weather.. “

L parse(“to know the..” ]

L if tool=’weather’: }———————1

P —



> uvruncode.py



Building a ReACT agent: putting things together

We can now generalize our patterns:
[ Prompt ]

|  Addanexplicit reasoning step

o Byforcingamodelto “spendtoken

thinking”, we canimprove results and loop
L , , , [ Context ]* ----------------
auditability (but don'’t believe everything
they say!).
| Addmoretools “toknow the C, let’s }
use <tool>weather..
o Asthereasoning chain progresses, the ?

model can pick one or the other. | parse(to know the. ]

L if tool=’weather’: ]—;

Chain-of-Thought Prompting Elicits Reasoning .
in Large Language Models



https://arxiv.org/abs/2505.05410
https://arxiv.org/abs/2505.05410
https://arxiv.org/pdf/2201.11903
https://arxiv.org/pdf/2201.11903

Building a ReACT agent: calling services (MCP)

Ok, but what about “useful tools” and “connecting real
systems”?
|  We can’t manually write a functionin Python
‘wrapping” anew APl every time you need one.

o It'saWhac-A-Mole game: how many APls
expediahas?
o  Wewould need to standardize across models,
APlIs and code bases a way to parse and expose
the tools.
o  Thislookslike the right moment to introduce a
standard - the MCP (Model Context Protocol)
| Instead of manual integrations, we declaratively
add tools by enabling ouragents to access MCP
servers, which standardize tool description,

access, authentication etc.

[ Notion

Notion is

Productivity

B coogle sheets

Use Google S|

create and edit online

Productivity

& Googte Catendar

With Google Calendar, you c:

I\ mysaL

@ openal (chataPT)

Opel

Artificial Intelligence (Al)

K] Tetegram

Telegram, is a cloud-based, cross-platform,

encrypted instant messaging (IM) service.

Communication

l Shopify

Shopify is a compl
that
busi

ommerce platform

W PostgresaL

A\ Anthropic (Claude)

Al research and produc

Artificial Intelligence (Al)

& Google Drive

Goo

rive is a file storage and

File Storage

7 Supabase

Supabase is an open source Firebase
alternative.

Databases

aws Aws

un agent with MCP tools
with MCPClient(server_parameters) as tools:
agent = CodeAgent(tools=tools, model=model, add_base_tools=True)

result = agent.run(question)

return result




What now?



From dev to prod

How do we test an agent?

|  Of course, youneedto do evaluations... /7 ™

comn | FASTTRACK ), Lenny'sList

Al Evals For Engineers & PMs

Hamel Husain ML Engineer with 20 years of experience

o  Prof. Grecowilltellyou all about that!

Shreya Shankar ML Systems & Applied Al Evals Researcher

| Onthe “software side”, you should write tests —

that canact as “regression tests” and help you
add tools and functionalities without constantly

having to chase new errors.

o Inourscripts, forexample, we keep track of which
tools are used and make related assertion to verify
that the LLM doesindeed leverage the tools at

disposal!



%) “Repeated sampling”

|  Whatif we apply the same idea, butinstead than
“fixing errors” we “improve ametric”? What if the
answer to the user questionis not a success/
failure, but forexample the solutionto an

optimization problem (so a scalar)?

o Usetooltosolve aproblem, getascore, put the

scorein the context, reason better, try again, etc.

Al for Distributed Systems Design:
Scalable Cloud Optimization Through Repeated LLMs Sampling And Simulators

Jacopo Tagliabue

Bauplan Labs
New York City, NY USA
jacopo.tagliabue @bauplanlabs.com

v Abstract The rapidly improving coding capabilities of Large Lan-
uage Models (LLMs) suggest a radically different ap-
S Ve explore. AT delven distlted pysiems poliey desien by ffmfch; instead rg:‘mnnu)allyigﬂﬁmg dislribut{ad-cystem pnlpi»
Q combining; stochastic;code generation from Jarge language cies, we could automatically generate and evolve them; as
models (LLMs) with deterministic verification in a domain- tho cost of produci licies hes he search
+= specific simulator. Using a Function-as-a-Service runtime e cost of producing policies approaches zero, the searc
Q (Bauplan) and its open-source simulator (Eudoxia) as for optimal rules for customers k and k + 1 can now oc-
o 3 case smdy, we frame scheduler design as an itorative cur in different spaces altogether, as defined by semantically
= generate-and-verify loop: an LLM proposes a Python policy, different programs.
Q the simulator evaluates it on standardized traces, and struc- In this paper, we share preliminary results in applying
tured feedback steers subsequent generations. This setup pre- LLMs to a concrete distributed-systems challenge. In par-
— serves interpretability while enabling targeted search over a ticular, we summarize our contributions as follows:
&) large design space. We detail the system architecture and re- R T
port preliminary results on throughput improvements across * We motivate our investigation with a real-world chal-
A multiple models. Beyond early gains, we discuss the limits of lenge, i.e., imp in a F s
7 the current setup and outline next steps; in particular, we con- Service (FaaS) runtime (Bauplan (Tagliabue, Caraza-
o jecture that AT will be crucial for scaling this methodology by Harter, and Greco 2024)) through an existing open-
—

helping to bootstrap new simulators. source simulator (Eudoxia (Srivastava, Tagliabue, and
Greco 2025)).

« We paira inistit tem simulator with (]

Large Language Monkeys: Scaling Inference Compute
with Repeated Sampling

Bradley Brown*'*, Jordan Juravsky*!, Ryan Ehrlich*!, Ronald Clark}, Quoc V. Le?,
Christopher Réf, and Azalia Mirhoseini'®

tDepartment of Computer Science, Stanford University
University of Oxford
$Google DeepMind
bradley.brown@cs.ox.ac.uk, jbj@stanford.edu, ryanehrlich@cs.stanford.edu,

ronald.clark@cs.ox.ac.uk, qvl@google.com, chrismre@stanford.edu,
azalia@stanford.edu

Abstract

Scaling the amount of compute used to train language models has dramatically improved
their capabilities. However, when it comes to inference, we often limit models to making only one
ttempt at a problem. Here, we explore inference compute as another axis for scaling, using the



https://arxiv.org/pdf/2407.21787
https://arxiv.org/pdf/2407.21787
https://arxiv.org/pdf/2510.18897
https://arxiv.org/pdf/2510.18897

“Repeated sampling”

|  Whatif we apply the same idea, butinstead than
“fixing errors” we “improve ametric”? What if the
answer to the user questionis not a success/
failure, but forexample the solutionto an

optimization problem (so a scalar)?

o usetooltosolve aproblem, getascore, putthe

scorein the context, reason better, try tool again...

HIA

People  Report  Research  Policy  Blog

Surprisingly Fast Al-Generated Kernels We Didn’t Mean to Publish (Yet)

Authors: Anne Ouyang and Azalia Mirhoseini and Percy Liang

TL;DR

We have some very fast Al-generated kernels in pure CUDA-C without using libraries and DSLs such as CUTLASS and Triton. They
are performing close to o in some cases even beating the standard expert-optimized production kernels shipped in PyTorch. Some

of our highlighted results
* Matmul (FP32): 101.3% performance of FP32 torch.matmul; problem size: 4096x4096 square matrices

It works very well with problems whose
solutionis easy and cheap to verify!



https://crfm.stanford.edu/2025/05/28/fast-kernels.html
https://crfm.stanford.edu/2025/05/28/fast-kernels.html

From samplingtoRL....

Sometimes, general models cannot really grok your
problem, evenif you sample themalot/foralong
time.

|  We cannotjust prompt/sample, we need to

change the weights.

o We startfroman open-source model, and use the
reward to do backpropagationand getanew
model, whichis specifically trained to reason

about your problem.

| Thesameintuition applies here: the easieritis to
verify a task, the higher the probability that RL will

produce superior results.

deepseck

DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via
Reinforcement Learning

DeepSeek-Al

research@deepseek.com

Abstract

We introduce our first-generation reasoning models, DeepSeek-R1-Zero and DeepSeek-R1.
DeepSeek-R1-Zero, a model trained via large-scale reinforcement learning (RL) without super-
vised fine-tuning (SFT) as a preliminary step, demonstrates remarkable reasoning capabilities.
Through RL, DeepSeek-R1-Zero naturally emerges with numerous powerful and intriguing
reasoning behaviors. However, it encounters challenges such as poor readability, and language
mixing. To address these issues and further enhance reasoning performance, we introduce
DeepSeek-R1, which incorporates multi-stage training and cold-start data before RL. DeepSeek-
R1 achieves performance comparable to OpenAl-01-1217 on reasoning tasks. To support the
research community, we open-source DeepSeek-R1-Zero, DeepSeek-R1, and six dense models
(1.5B, 7B, 8B, 14B, 32B, 70B) distilled from DeepSeek-R1 based on Qwen and Llama.
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| jacopo.tagliabue@bauplanlabs.com

| Wantto know more? Reach out!

bauplan



