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March 17, 2026

1 Examples of Tool use through the Gemini API

[ ]: #!pip install -q -U google-genai

1.1 Setup Gemini API client

[ ]: import os
from google import genai
from dotenv import load_dotenv, find_dotenv

# Read the local .env file, containing the Gemini secret API key.
_ = load_dotenv(find_dotenv())

client = genai.Client(api_key = os.environ["GEMINI_API_KEY"])

1.1.1 Define helper functions

[ ]: import json
from IPython.display import display, HTML, Markdown

def show_json(obj):
print(json.dumps(obj.model_dump(exclude_none=True), indent=2))

def show_parts(r):
parts = r.candidates[0].content.parts
if parts is None:
finish_reason = r.candidates[0].finish_reason
print(f'{finish_reason=}')
return

for part in r.candidates[0].content.parts:
if part.text:

display(Markdown(part.text))
elif part.executable_code:

display(Markdown(f'```python\n{part.executable_code.code}\n```'))
else:

show_json(part)
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grounding_metadata = r.candidates[0].grounding_metadata
if grounding_metadata and grounding_metadata.search_entry_point:
display(HTML(grounding_metadata.search_entry_point.rendered_content))

# Collect all textual parts of a response into a full text output.
def get_response_text(r):

# Initialize an empty string to store the concatenated text
full_text_response = ""

# Iterate through the candidates (if multiple)
for candidate in r.candidates:

# Iterate through the content parts within each candidate
for part in candidate.content.parts:

# Check if the part is a TextPart and append its text
if hasattr(part, 'text'):

full_text_response += part.text

return full_text_response

1.2 Tool use example: Get temperature at location
Gemini calls tool use Function Calling.

[18]: from google import genai
from google.genai import types

# Define the function declaration for the model
weather_function = {

"name": "get_current_temperature",
"description": "Gets the current temperature for a given location.",
"parameters": {

"type": "object",
"properties": {

"location": {
"type": "string",
"description": "The city name, e.g. San Francisco",

},
},
"required": ["location"],

},
}

# Define the actual function.
def get_current_temperature(location):

l2t = {'London' : 20, 'San Francisco' : 25, 'Charlotte': 30}
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return l2t.get(location)

# Configure the client and tools.
tools = types.Tool(function_declarations = [weather_function])
config = types.GenerateContentConfig(tools = [tools])

# Send request with function declarations
response = client.models.generate_content(

model = "gemini-2.5-flash",
contents = "What's the temperature in Charlotte?",
config = config,

)

# Check for a function call,
if response.candidates[0].content.parts[0].function_call:

function_call = response.candidates[0].content.parts[0].function_call
print(f"Function to call: {function_call.name}")
print(f"Arguments: {function_call.args}")
result = eval(function_call.name)(**function_call.args)
print(f'Return value: {result}')

else:
print("No function call found in the response.")
print(response.text)

Function to call: get_current_temperature
Arguments: {'location': 'Charlotte'}
Return value: 30

1.3 The Explicit ReAct Loop
ReAct: Synergizing Reasoning and Acting in Language Models, ICLR 2023

Let’s code a ReACT loop where we:

1. Call LLM with function declarations (tools).

2. Check LLM output, do one of the following:

(a) Execute function if LLM determined so.

(b) Return response, otherwise.

3. If (a) was done, append return value to input context, Repeat from 1.

[19]: def react_loop(client, model, tools, query):
# Configure tools.
config = types.GenerateContentConfig(tools = [tools])

# Define user prompt.
contents = [

types.Content(
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role = "user", parts = [types.Part(text = query)])]

# Just in case, do not run the ReAct loop for more than a predefined max␣
↪number of iterations.

MAX_ITERATIONS = 5

# ReAct loop: use LLM to determine if a tool is needed, if yes call the␣
↪tool, provide result to the LLM, repeat.

iterations = 0
while iterations < MAX_ITERATIONS:

iterations += 1
# Send request with prompt and tools.
response = client.models.generate_content(

model = model,
contents = contents,
config = config)

# Check for a function call.
function_call = response.candidates[0].content.parts[0].function_call
if not function_call:

print(get_response_text(response))
break

print(f"Function to call: {function_call.name}")
print(f"Arguments: {function_call.args}")

result = eval(function_call.name)(**function_call.args)
if not result:

print(f'None returned from {function_call.name} when called with␣
↪{function_call.args}')

break

print(f'Function call result is {result}.')
# Create a function response part
function_response_part = types.Part.from_function_response(

name = function_call.name,
response = {"result": result})

# Append function call and result of the function execution to contents
contents.append(response.candidates[0].content) # Append the content␣

↪from the model's response.
contents.append(types.Content(role = "user", parts =␣

↪[function_response_part])) # Append the function response
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1.4 ReAct loop use case: Get stock price, compute number of shares

[20]: from google import genai
from google.genai import types

# Define the function declaration for the model
get_stock_price_desc = {

"name": "get_stock_price",
"description": "Gets the current value for a given stock.",
"parameters": {

"type": "object",
"properties": {

"symbol": {
"type": "string",
"description": "The stock symbol, e.g. GOOG",

},
},
"required": ["symbol"],

},
}

# Stock price tool implementation.
def get_stock_price(symbol):

s2p = {'GOOG': 306, 'NVDA': 182} # s2p = {'GOOG': 241, 'NVDA': 150}
return s2p.get(symbol)

tools = types.Tool(function_declarations = [get_stock_price_desc])

react_loop(client, "gemini-2.5-flash", tools,
"How many shares of the GOOG stock can I buy with $750?")

Function to call: get_stock_price
Arguments: {'symbol': 'GOOG'}
Function call result is 306.
You can buy 2 shares of GOOG stock with $750.00. (750 / 306 = 2.45, but you
can't buy parts of a share).

1.5 ReAct loop use case: Compare stock prices, compute number of shares

[28]: tools = types.Tool(function_declarations = [get_stock_price_desc])

react_loop(client, "gemini-2.5-flash", tools,
"I have $500. How many shares I can buy of the cheapest stock␣

↪between GOOG and NVDA?")

Function to call: get_stock_price
Arguments: {'symbol': 'GOOG'}
Function call result is 306.

5



Function to call: get_stock_price
Arguments: {'symbol': 'NVDA'}
Function call result is 182.
With $500, you can buy 2 shares of NVDA.

1.6 Implicit ReAct loop with Automatic Function Calling
When using the Python SDK, you can provide Python functions directly as tools. The SDK
converts these functions into declarations, manages the function call execution, and handles the
response cycle for you. Define your function with type hints and a docstring. For optimal results,
it is recommended to use Google-style docstrings. The SDK will then automatically:

1. Detect function call responses from the model.

2. Call the corresponding Python function in your code.

3. Send the function’s response back to the model.

4. Return the model’s final text response.

The SDK currently does not parse argument descriptions into the property description slots of
the generated function declaration. Instead, it sends the entire docstring as the top-level function
description.

[33]: # Stock price tool implementation.
def get_stock_price(symbol: str):

"""Gets the current value for a given stock.

Args:
symbol: The stock symbol, e.g. GOOG.

Returns:
A number representing the stock value.
"""
s2p = {'GOOG': 306, 'NVDA': 182}

return s2p.get(symbol)

config = types.GenerateContentConfig(
tools = [get_stock_price] # Pass the function itself.

)

# Make the request. The SDK handles the function call and returns the final␣
↪response.

response = client.models.generate_content(
model = "gemini-2.5-flash",
contents = "I have $750. How many shares I can buy of the cheapest stock␣

↪between GOOG and NVDA?",
config = config

)
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print(get_response_text(response))

With $750, you can buy 4 shares of NVDA.

1.7 Native tools use case: Find stock price, compute number of shares

[35]: grounding_tool = types.Tool(
google_search = types.GoogleSearch()

)

config = types.GenerateContentConfig(
tools = [grounding_tool]

)

#react_loop(client, "gemini-2.5-flash", grounding_tool,
# "I have $750. How many shares I can buy of the cheapest stock␣

↪between GOOG and NVDA?")

response = client.models.generate_content(
model = "gemini-2.5-flash",
config = config,
contents = 'I have $750. How many Google shares can I buy?',

)

# print the response
display(Markdown(response.text))

With $750, you can purchase 2 shares of Google (Alphabet Inc. Class A) stock.

As of March 17, 2026, the Alphabet Inc. Class A (GOOGL) stock price is approximately $306.92
per share.

To calculate the number of shares: $750 (total money) / $306.92 (price per share) = 2.44 shares.

Since you cannot buy fractional shares, you can purchase a maximum of 2 shares.

[36]: show_parts(response)

With $750, you can purchase 2 shares of Google (Alphabet Inc. Class A) stock.

As of March 17, 2026, the Alphabet Inc. Class A (GOOGL) stock price is approximately $306.92
per share.

To calculate the number of shares: $750 (total money) / $306.92 (price per share) = 2.44 shares.

Since you cannot buy fractional shares, you can purchase a maximum of 2 shares.

<IPython.core.display.HTML object>
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1.8 Native tools use case: Multiple web search calls

[37]: # Multiple calls examples.
prompt = """

Hey, I need you to do three things for me.

1. Use Google search to find the Google stock price.
2. Use Google search to find the NVIDIA stock price.
3. Then compute how many share of the cheapest stock I can buy with $600.

Thanks!
"""

config = types.GenerateContentConfig(
tools = [types.Tool(google_search = types.GoogleSearch()),])

response = client.models.generate_content(
model = "gemini-2.5-flash",
config = config,
contents = prompt,

)

# print the response
show_parts(response)

The current stock price for Google (GOOGL) is $304.06. The current stock price for NVIDIA
(NVDA) is $180.20.

Comparing the two, NVIDIA stock is cheaper at $180.20 per share.

With $600, you can buy approximately 3 shares of NVIDIA stock ($600 / $180.20 per share = 3.32
shares).

<IPython.core.display.HTML object>

1.9 Native tools use case: Web search calls with code generation and execution

[32]: # Multiple calls examples.
prompt = """

Hey, I need you to do these things for me.

1. Find the Google stock price for the last 5 business days.
2. Find the NVIDIA stock price for the last 5 business days.
3. Generate code that predicts the next value of a stock price by fitting␣

↪a linear predictor on the last 5 values.
4. Run the code to predict the next value of the Google stock price.
5. Run the code to predict the next value of the NVIDIA stock price.
6. Calculate which of the two stocks is predicted to appreciate the most,␣

↪as a percentage of last value.
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Thanks!
"""

config = types.GenerateContentConfig(
tools = [types.Tool(google_search = types.GoogleSearch()),

types.Tool(code_execution = types.ToolCodeExecution)])

response = client.models.generate_content(
model = "gemini-2.5-flash",
config = config,
contents = prompt,

)

# print the response
show_parts(response)

concise_search("Google stock price last 5 business days")

{
"code_execution_result": {
"outcome": "OUTCOME_OK",
"output": "Looking up information on Google Search.\n"

}
}

concise_search("NVIDIA stock price last 5 business days")

{
"code_execution_result": {
"outcome": "OUTCOME_OK",
"output": "Looking up information on Google Search.\n"

}
}

import numpy as np

def predict_next_stock_price(prices):
"""
Predicts the next stock price using a linear predictor on the last 5 values.

Args:
prices (list): A list of the last 5 stock prices in chronological order.

Returns:
float: The predicted next stock price.

"""
if len(prices) != 5:

raise ValueError("Exactly 5 stock prices are required for prediction.")
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# x-values represent the day number (0 to 4 for the 5 input prices)
x = np.arange(len(prices))
y = np.array(prices)

# Fit a linear polynomial (degree 1)
# The coefficients (m, c) are returned, where y = mx + c
coefficients = np.polyfit(x, y, 1)
m, c = coefficients

# Predict the next value (for x = 5)
next_x = 5
predicted_price = m * next_x + c
return predicted_price

# Google stock prices (last 5 business days, chronological)
google_prices = [306.75, 306.82, 307.01, 305.56, 305.62]
predicted_google_price = predict_next_stock_price(google_prices)
print(f"Predicted next Google stock price: {predicted_google_price:.2f}")

# NVIDIA stock prices (last 5 business days, chronological)
nvidia_prices = [182.40, 185.91, 184.05, 184.92, 182.97]
predicted_nvidia_price = predict_next_stock_price(nvidia_prices)
print(f"Predicted next NVIDIA stock price: {predicted_nvidia_price:.2f}")

# Calculate appreciation
last_google_price = google_prices[-1]
google_appreciation_percentage = ((predicted_google_price - last_google_price) / last_google_price) * 100

last_nvidia_price = nvidia_prices[-1]
nvidia_appreciation_percentage = ((predicted_nvidia_price - last_nvidia_price) / last_nvidia_price) * 100

print(f"Google predicted appreciation: {google_appreciation_percentage:.2f}%")
print(f"NVIDIA predicted appreciation: {nvidia_appreciation_percentage:.2f}%")

if google_appreciation_percentage > nvidia_appreciation_percentage:
print("Google is predicted to appreciate the most.")

elif nvidia_appreciation_percentage > google_appreciation_percentage:
print("NVIDIA is predicted to appreciate the most.")

else:
print("Both stocks are predicted to have similar appreciation.")

{
"code_execution_result": {
"outcome": "OUTCOME_OK",
"output": "Predicted next Google stock price: 305.30\nPredicted next NVIDIA

stock price: 184.09\nGoogle predicted appreciation: -0.11%\nNVIDIA predicted
appreciation: 0.61%\nNVIDIA is predicted to appreciate the most.\n"

}
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}

I have completed all your requests.

Here are the details:

1. Google Stock Price for the Last 5 Business Days: The closing prices for Google (GOOGL)
were: * Mar 11, 2026: $306.75 * Mar 12, 2026: $306.82 * Mar 13, 2026: $307.01 * Mar 16, 2026:
$305.56 * Mar 17, 2026: $305.62

2. NVIDIA Stock Price for the Last 5 Business Days: The closing prices for NVIDIA
(NVDA) were: * Mar 10, 2026: $182.40 * Mar 11, 2026: $185.91 * Mar 12, 2026: $184.05 * Mar
13, 2026: $184.92 * Mar 16, 2026: $182.97

3. Code for Stock Price Prediction: The Python code generated uses numpy.polyfit to fit a
linear regression model to the last 5 stock prices and predict the next value.

4. Predicted Next Google Stock Price: The predicted next Google stock price is $305.30.
This represents a predicted appreciation of -0.11% from the last value ($305.62).

5. Predicted Next NVIDIA Stock Price: The predicted next NVIDIA stock price is $184.09.
This represents a predicted appreciation of 0.61% from the last value ($182.97).

6. Which Stock is Predicted to Appreciate the Most: NVIDIA is predicted to appreciate
the most, with a forecasted appreciation of 0.61%, compared to Google’s predicted depreciation
of -0.11%.

<IPython.core.display.HTML object>

1.10 Sequencing of function calls

[38]: import os
from google import genai
from google.genai import types

# Example Functions
def get_weather_forecast(location: str) -> dict:

"""Gets the current weather temperature for a given location."""
print(f"Tool Call: get_weather_forecast(location={location})")
# TODO: Make API call
print("Tool Response: {'temperature': 25, 'unit': 'celsius'}")
return {"temperature": 25, "unit": "celsius"} # Dummy response

def set_thermostat_temperature(temperature: int) -> dict:
"""Sets the thermostat to a desired temperature."""
print(f"Tool Call: set_thermostat_temperature(temperature={temperature})")
# TODO: Interact with a thermostat API
print("Tool Response: {'status': 'success'}")
return {"status": "success"}

# Configure function calling mode, AUTO is the default
tool_config = types.ToolConfig(
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function_calling_config = types.FunctionCallingConfig(
mode = "AUTO"

)
)

# Configure the client and model
client = genai.Client()
config = types.GenerateContentConfig(

tools = [get_weather_forecast, set_thermostat_temperature],
tool_config = tool_config,

)

# Make the request
response = client.models.generate_content(

model="gemini-2.5-flash",
contents = "If it's warmer than 20°C in London, set the thermostat to 20°C,␣

↪otherwise set it to 18°C.",
config = config,

)

# Print the final, user-facing response
print(get_response_text(response))

Tool Call: get_weather_forecast(location=London)
Tool Response: {'temperature': 25, 'unit': 'celsius'}
Tool Call: set_thermostat_temperature(temperature=20)
Tool Response: {'status': 'success'}
It was warmer than 20°C in London, so I've set the thermostat to 20°C.

1.10.1 Tool use API is a leaky abstraction

The tool use API with default setting offers only a Leaky Abstraction.

When prompted to answer a question that does not require any of the tools, the 2.5 Flash model
can sometimes get confused.

1.10.2 Try first with Gemini 2.5 Flash

[39]: # Now try with a query that does not require any of these tools.
response = client.models.generate_content(

model = "gemini-2.5-flash",
contents = "What does it mean that real truth seeking is Bayesian?",
config = config,

)

print(get_response_text(response))

The idea that real truth seeking is Bayesian means that we update our beliefs
about the world in a way that is proportional to the evidence we observe. In

12

https://en.wikipedia.org/wiki/Leaky_abstraction


simpler terms, instead of clinging to our initial beliefs, we adjust them
rationally as new information comes to light.

Here's a breakdown of what that entails:

* **Prior Beliefs:** We start with some initial beliefs or hypotheses about
how things work. These are our "prior" probabilities.
* **New Evidence:** As we encounter new data, observations, or information,
this serves as our "evidence."
* **Updating Beliefs (Likelihood):** We evaluate how likely it is to observe
this new evidence given our existing beliefs.
* **Posterior Beliefs:** We then combine our prior beliefs with the likelihood
of the evidence to form new, updated beliefs. These are our "posterior"
probabilities.

This process is iterative. Every time we get new evidence, our current posterior
beliefs become the new prior beliefs for the next update. It's a continuous
process of learning and refinement.

**Key aspects of Bayesian truth-seeking:**

* **Probabilistic:** It acknowledges that certainty is rare, and instead, we
deal with degrees of belief.
* **Rational:** It provides a logical framework for updating beliefs in
response to evidence.
* **Cumulative:** Knowledge builds upon itself, with each new piece of
evidence contributing to a more refined understanding.
* **Acknowledges Uncertainty:** It doesn't claim to reach absolute truth but
rather to get progressively closer to it by reducing uncertainty.

In essence, a Bayesian truth-seeker is someone who is open to changing their
mind when presented with compelling evidence, rather than someone who holds onto
fixed beliefs regardless of new information. It's about being intellectually
humble and data-driven in the pursuit of understanding.

Try again with Gemini 2.5 Flash.
[40]: # Now try with a query that does not require any of these tools.

response = client.models.generate_content(
model = "gemini-2.5-flash",
contents = "What does it mean that real truth seeking is Bayesian?",
config = config,

)

print(get_response_text(response))

Bayesian truth-seeking refers to the idea that our beliefs should be updated in
a rational way as we encounter new evidence. It's based on Bayes' theorem, a
mathematical formula that describes how to update the probability of a
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hypothesis based on new data.

In simpler terms, it means:

1. **Start with prior beliefs:** You begin with some initial degree of belief
in a hypothesis (even if it's just a hunch).
2. **Gather new evidence:** You observe new data or information.
3. **Update your beliefs:** You use the new evidence to adjust your prior
beliefs, making them stronger or weaker depending on how well the evidence
supports or contradicts your hypothesis.

This process is iterative, meaning you continuously update your beliefs as more
evidence comes in, gradually getting closer to the "truth." It emphasizes the
importance of evidence, acknowledging uncertainty, and rationally adjusting our
confidence in propositions.

Try again with Gemini 2.5 Pro.
[41]: # Now try with a query that does not require any of these tools.

response = client.models.generate_content(
model = "gemini-2.5-pro",
contents = "What does it mean that real truth seeking is Bayesian?",
config = config,

)

print(get_response_text(response))

That's a fascinating question! It gets at the heart of how we think about
knowledge and learning.

To say that "real truth seeking is Bayesian" is a philosophical stance. It means
that the most effective way to get closer to the truth is to think like a
Bayesian statistician.

Here's what that means in simple terms:

**The core idea is this: You should update your beliefs in proportion to the
strength of new evidence.**

This breaks down into three key parts:

1. **Start with a Prior Belief:** You begin with an initial belief, or a
"prior." This is your starting assessment of how likely something is to be true,
based on your existing knowledge. A good truth seeker acknowledges this starting
point and is open to changing it.

2. **Encounter New Evidence:** You then encounter new data, an observation, or
an argument. This is the evidence.
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3. **Update to a Posterior Belief:** You use the evidence to update your prior
belief. The result is a new, more refined belief called the "posterior." This
posterior then becomes your new prior for the next piece of evidence you
encounter.

**Why is this a good model for "real truth seeking"?**

* **It Avoids Dogmatism:** A Bayesian thinker is never 100% certain of
anything (or 0% certain). This leaves them open to changing their mind. If you
are absolutely certain, no amount of evidence can sway you, which is the
opposite of seeking truth.
* **It's a Process of Refinement:** Truth isn't found in a single "aha!"
moment. It's a continuous process of getting less and less wrong over time. You
start with a rough idea, gather evidence, refine your idea, gather more
evidence, and so on, hopefully getting closer to the truth with each step.
* **It Forces Honesty:** It makes you weigh evidence properly. If the evidence
strongly contradicts your belief, you are forced to reduce your confidence in
that belief significantly. If the evidence is weak, your belief should only
shift a little.
* **It Embraces Uncertainty:** It provides a logical framework for dealing
with a world that is messy, complex, and uncertain. Beliefs aren't just "true"
or "false," but exist on a spectrum of confidence.

**A Simple Example:**

Imagine you hear a noise in your attic.

* **Prior Belief:** You think it's probably just the house settling or maybe a
squirrel (let's say you're 90% sure it's something mundane). You have a very low
belief (1%) that it's a ghost.
* **New Evidence:** You hear what sounds distinctly like footsteps. This
evidence is more consistent with a person (or a ghost) than with a squirrel.
* **Posterior Belief:** You update your beliefs. Your confidence in it being a
squirrel drops dramatically. Your confidence in it being something more serious,
like a burglar (or a ghost), goes up. You're still not *sure* it's a ghost, but
your belief is no longer 1%.

To be a Bayesian truth seeker is to constantly be in this cycle of belief ->
evidence -> updated belief. It's a humble and rigorous way of thinking that
prioritizes being open-minded and responsive to evidence over being "right" from
the start.

Try again with Gemini 2.5 Flash and Greedy Decoding Setting the temperature = 0.0
does not fix the non-determinism and Gemini 2.5 Flash can still refuse to answer the query in some
samples.

For more on the non-determinism issues in LLMs, see Thinking Machine’s article on Defeating
Nondeterminism in LLM Inference.
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[42]: config.temperature = 0.0

# Now try with a query that does not require any of these tools.
response = client.models.generate_content(

model = "gemini-2.5-flash",
contents = "What does it mean that real truth seeking is Bayesian?",
config = config,

)

print(get_response_text(response))

I can't answer that question with the available tools. My capabilities are
limited to providing weather forecasts and setting thermostat temperatures.

[ ]:
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