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Ciao, I’m Jacopo!
| Co-founder and CTO at Bauplan.

Backed by IE, SPC, Wes McKinney, Spencer Kimball, Chris Re et al..

| 10 years up and down the stack in R&D and open source
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Today
| Why should you care about AI agents?
| What is “agentic AI”?
| How do you build agents?
| Challenges and opportunities.

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


Agents everywhere



Everybody wants to do “agentic AI”



“Agentic AI is like teenage sex: everyone 
talks about it, nobody really knows how 
to do it, everyone thinks everyone else is 
doing it, so everyone claims they are 
doing it.”



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

⎸ Sensing: perceive the world

⎸ Thinking / Evaluating: strategize next action, evaluate 
progress

⎸ Acting: change the world

Agents-as-adaptive-systems

sensing

acting

2007

https://www.amazon.com/Complex-Adaptive-Systems-Introduction-Computational/dp/0691127026
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Agents-as-adaptive-systems
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https://huggingface.co/learn/agents-course/en/unit1/what-are-agents


⎸ Isn’t RAG about “tools” as well?

○ In RAG, the coder calls the tool (the 

database) in a pre-defined, one-shot 

manner:

○ Pre-defined: any question is solved 

by the same logical flow.

○ (Typically) One-shot: there is one 

LLM completion call for each 

question.

Are agents really different? RAG vs Agents
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⎸ Isn’t RAG about “tools” as well?

○ In agentic AI,  the LLM calls tools in a 

adaptive, multi-shot manner:

○ Adaptive: each problem can be 

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.

Are agents really different? RAG vs Agents
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⎸ Agents are a while loop, with:

○ A general purpose (“helping user with their Python 
code”) [ system prompt ]

○ A specific user question (“how do I write a pandas 
script that does X?”) [ user prompt ]

○ An acceptance condition (“Stop when code  runs”)

○ Tools to act in the world (“A Python interpreter”)

○ Context, as in the accumulation of the results of 
acting in the world through tools (“What code was 
generated, which error was raised”)

The ReAct loop: a first look
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⎸ Observation #1: since LLMs are functions from 

string to string, everything needs  (prima facie) to 

be “text”, including tool calls! 

The ReAct loop: a first look
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⎸ Observation #1: since LLMs are functions from 

string to string, everything needs  (prima facie) to 

be “text”, including tool calls! 

⎸ Observation #2: unlike RAG, LLMs can 

self-correct  (as long as the feedback from the 

world is “useful”)

○ E.g. use tool1 to solve a problem, get an error, put 

the error in the context, reason better, use tool2, 

etc.

The ReAct loop: a first look

Question

Answer

Tool #1

Prompt

Reasoning

Tool #2

Context

http://arxiv.org/pdf/2210.03629
http://arxiv.org/pdf/2210.03629


“Agentic AI” is a very broad category, and practitioners often 
talk past each other. The important takeaway when 
discussing agents is that in reality there is a continuum of 
“agency / autonomy”:

⎸ A chat bot accessing some APIs to answer a question 
may be called an agent (“can you please check the 
status of my Amazon order?”).

⎸ Claude code fixing your Python project may be called 
an agent (“can you please search the bauplan docs 
and update the APIs to the latest version”?).

⎸ A deep research agent may be called an agent (“read 
all the latest papers on JOIN optimizations to improve 
this SQL query running in my Snowflake”).

Agents-as-a-continuum



How to build an agent



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

⎸ Observation #1: since LLMs are functions from 

string to string, everything needs  (prima facie) to 

be “text”, including tool calls! 

text text

ReACT = reasoning + acting, but
⎸ Reasoning is “easy”, as we are entirely 

offloading that to an LLM.

○ Sure, we need to provide context and a 
good prompt (we’ll get to that later), but 
there is no” interface” challenge.

⎸ Acting is non-obvious, as words do not 
really have an effect on the (digital) world

○ a travel agent needs to use weather APIs 
to get next week’s temperature for a 
destination - APIs needs to be called 
from a Python  script, we cannot 
“describe them”. 

http text

loop



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

⎸ Observation #1: since LLMs are functions from 

string to string, everything needs  (prima facie) to 

be “text”, including tool calls! 

text text

ReACT = reasoning + acting, but
⎸ Reasoning is “easy”, as we are entirely 

offloading that to an LLM.
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good prompt (we’ll get to that later), but 
there is no” interface” challenge.

⎸ Acting is non-obvious, as words do not 
really have an effect on the (digital) world
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to get next week’s temperature for a 
destination - APIs needs to be called 
from a Python  script, we cannot 
“describe them”. 
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How do we 
text-to-http?



Building a ReACT agent: text-to-tool-to-text
The key insight is using text from the LLM to “instruct” 
the outer Python loop that the coder sets up:

⎸ Add a tool description to the system prompt so 
that the LLM knows it can use it

○ “To check the temperature, you can call the 
weather tool passing a destination as a 
parameter”

⎸ Add a naming convention to the system prompt 
so the outer loop can parse the output

○ “When you need to call a tool, output the tool 
name as for example <tool>weather</tool> and 
parameters  as <parameter>nyc</parameters>

Prompt

“to know the C, let’s 
use <tool>weather.. “

Context
loop

if tool=’weather’:

parse(“to know the..”



> uv run code.py



Building a ReACT agent: putting things together
We can now generalize our patterns:

⎸ Add an explicit reasoning step

○ By forcing a model to “spend token 

thinking”, we can improve results and 

auditability (but don’t believe everything 

they say!). 

⎸ Add more tools

○ As the reasoning chain progresses, the 

model can pick one or the other.

Prompt

“to know the C, let’s 
use <tool>weather.. “

Context
loop

if tool=’weather’:

parse(“to know the..”

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 function in Python 

“wrapping”  a new API every time you need one.

○ It’s a Whac-A-Mole game: how many APIs 
expedia has?

○ We would need to standardize across models, 
APIs and code bases a way to parse and expose 
the tools.

○ This looks like the right moment to introduce a 
standard - the MCP (Model Context Protocol)

⎸ Instead of manual integrations, we declaratively 
add tools by enabling our agents to access MCP 
servers, which standardize tool description, 
access , authentication etc.



What now?



From dev to prod
How do we test an agent?

⎸ Of course, you need to do evaluations…

○ Prof. Greco will tell you all about that!

⎸ On the “software side”, you should write tests 

that can act as “regression tests” and help you 

add tools and functionalities without constantly 

having to chase new errors.

○ In our scripts, for example, we keep track of which 

tools are used and make related assertion to verify 

that the LLM does indeed leverage the tools at 

disposal!



⎸ Observation #2: unlike RAG, LLMs can self-correct  

(as long as the feedback from the world is “useful”)

○ E.g. use tool1 to solve a problem, get an error, put the 

error in the context, reason better, use tool2, etc.

⎸ What if we apply the same idea, but instead than 
“fixing errors” we “improve a metric”? What if the 

answer to the user question is not a success / 

failure, but for example the solution to an 

optimization problem (so a scalar)?

○ Use tool to solve a problem, get a score, put the 

score in the context, reason better,  try again, etc.

“Repeated sampling”

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


⎸ Observation #2: unlike RAG, LLMs can self-correct  

(as long as the feedback from the world is “useful”)

○ E.g. use tool1 to solve a problem, get an error, put the 

error in the context, reason better, use tool2, etc.

⎸ What if we apply the same idea, but instead than 
“fixing errors” we “improve a metric”? What if the 

answer to the user question is not a success / 

failure, but for example the solution to an 

optimization problem (so a scalar)?

○ use tool to solve a problem, get a score, put the 

score in the context, reason better,  try tool again…

“Repeated sampling”

It works very well with problems whose 
solution is 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 sampling to RL….
Sometimes, general models cannot really grok your 

problem, even if you sample them a lot / for a long 

time. 

⎸ We cannot just prompt / sample, we need to 

change the weights.

○ We start from an open-source model, and use the 

reward to do backpropagation and get a new 

model, which is specifically trained to reason 

about your problem.

⎸ The same intuition applies here: the easier it is to 

verify a task, the higher the probability that RL will 

produce superior results.

https://arxiv.org/pdf/2501.12948
https://arxiv.org/pdf/2501.12948


| jacopo.tagliabue@bauplanlabs.com

| Want to know more? Reach out!


