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Abstract

Large action models are agents that leverage the reasoning abilities of large
language models (LLMs) to make decisions in real-life scenarios. Existing
approaches often fine-tune LLMs for specific instruction-function mappings,
which leads to limited generalizability and eventual obsolescence. LLMs that
support function calling natively require a list of tools to be passed to the
model, usually in JSON format. However, their context length limits the
number of supported tools. Additionally, leveraging this functionality with
pay-as-you-go closed-source models can result in high inference costs. Moreover,
even cutting-edge models can hallucinate or make errors in tool selection when
presented with many options. This work evaluates how retrieval-augmented
generation could enhance generalization in tool selection and function-calling
tasks. Specifically, we treat the LLM as a frozen black box and augment it
with a tunable retriever module, trained to find the documentation chunks that
maximize the LLM accuracy in tool selection. Our retriever preselects relevant
function headers for a given query to mitigate context length restrictions and
hallucination phenomena of the LLM to which it is plugged. We conducted
extensive evaluations with various models, datasets, and loss functions. For
functions already seen during training, using RoBERTa-base, we observed
significant performance improvements: Rank@1 increased from 22.5% to 85.0%,
Rank@?2 from 27.5% to 100.0%, and Rank@3 from 30.0% to 100.0%. For
functions not seen during training, Rank@1 improved from 40.0% to 75.0%,
Rank@2 from 50.0% to 97.5%, and Rank@3 from 50.0% to 97.5%.
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Introduction

Large language models (LLMs) have demonstrated remarkable abilities in
task comprehension and can explain how tasks should be performed. However,
they generally cannot perform tasks themselves, as most well-known language
models (LMs) are natively text-in-text-out. With large action models (LAMs),
the scientific community aims to enhance LLMs with the ability to select and
execute tools, which could offer advantages in areas like automation and real-
life interaction despite the risks associated with using LLMs without proper
training. This capability could also be beneficial in domains where LLMs
typically underperform, such as mathematics, by leveraging suitable tools to
improve performance. The general interest and excitement of this topic have
encouraged many companies and organizations to develop projects employing
agents. Nonetheless, many rely on fine-tuning to specialize LLMs on a limited
set of functions, reducing their generalization capabilities in various contexts
[1]. The lack of datasets related to function calling and tool selection brought
many works to selecting some functions and generating synthetic data regarding
them [2, 3]. In this work, we use retrieval-augmented generation (RAG), a
well-known approach that enables LMs to use external knowledge to overcome
the limitations of specialization over a limited set of functions. Inspired by
the REPLUG framework [4], which trains an encoder using an end-to-end
approach, we perform our training in a way that is easily extensible to datasets
where examples do not have associated gold-standard documents. Given a
knowledge base, for each training example, a retriever selects documents that
will be included in the prompt passed to the LLM, and the performance of
the retriever will then be judged based on the quality of the LLM’s outputs.
This leverages RAG to select a set of adequate tools for each query that the
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Introduction

LLM could decide to use to satisfy the instruction given. Additionally, many

machine learning frameworks developed agents that leverage the tool selection

capabilities of LLMs to execute the selected tools through various approaches

that will be later explored, allowing even self-debugging and error correction

by the LLM itself. The forthcoming chapters in this thesis, which provide an

in-depth exploration of our approach and the results obtained, are organized

as follows:

Chapter 1 - Theoretical Framework: The core concepts related
to the subject covered and the work carried out are introduced in this

chapter.

Chapter 2 - Related Work: This chapter covers the existing research
that inspired and paved the way for this work. A review of the relevant

research in this field explains the main approaches used in previous works.

Chapter 3 - Method: This chapter provides an in-depth exploration
of our approach, including the works that inspired it and the differences

from those works.

Chapter 4 - Experimental Setup: Within this chapter, light is shed
on the implementation of our approach, datasets and models used are
carefully described, metrics used to measure performance are presented,

as well as implementation specifics and hyperparameters.

Chapter 5 - Results and Discussions: In this chapter, evaluation
results of our approach are presented and interpreted to better understand

the contributions of this work.

Conclusions and Future Work: Wrapping up this thesis, this chapter
synthesizes the work done. The implications and key findings of the work
are discussed, highlighting the opportunities to further explore this field

of research.
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Chapter 1

Theoretical Framework

This chapter introduces and briefly explains fundamental concepts related

to artificial intelligence (AI), machine learning, and natural language processing

(NLP).

1.1 Artificial Intelligence overview

Artificial intelligence is a field of computer
science that studies how to create systems
that are able to solve tasks that require hu-
man intelligence, such as reasoning, human
interaction, or natural language comprehen-
sion. As Marco Solmavico defined it [5], it is a
discipline that studies the theoretical founda-
tions, the methodologies and the techniques
that allow the design of hardware systems and
software programs capable of providing the
computer with performances that, to a com-

mon observer, would seem to be exclusively

Artificial Intelligence

@

Machine Learning

Y

Deep Learning

Generative Al

Figure 1.1: Artificial intel-

ligence landscape.

www.synotpek.com.

Source:

within the domain of human intelligence. It is an area which comprises many

sub-fields, as depicted in Figure 1.1.


https://www.synoptek.com/insights/it-blogs/data-insights/ai-ml-dl-and-generative-ai-face-off-a-comparative-analysis/
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1.1.1 Machine learning

Machine learning is a subset of AI that studies how to provide computers
with the ability to solve tasks they were not explicitly programmed to solve.
This is a big breakthrough in computer science since, for the first time, the focus
is no longer on programming computers explicitly to handle all specific cases of
a task not to fall into errors but rather on using data to teach computers how
to approach a task effectively. In machine learning, everything revolves around
data, and having the right data for a specific task is fundamental; sometimes,
however, these data may not be labelled, which means that a ground truth
response is not available to correct the models when the output is wrong.
Therefore, based on the structure of the available data, the training process

can be done in different ways:

e Supervised training: In this approach, the data are already labelled

and can be compared with the outputs of the machine learning models.

e Unsupervised learning: In this case, the labels are unavailable, and

the models have to find the data patterns independently.

e Self-supervised learning: Similarly to the latter, labels are missing,
but in this case, the inputs are used as the supervision; this is the case of

models trained for text generation on a large corpus of text.

e Reinforcement learning: It is the case where a model does not learn
from a dataset but is rather performing actions within an environment. It
receives rewards or punishment based on its actions, thus learning which

actions lead to the best results.

1.1.2 Deep Learning

When models used in machine learning are based on deep neural networks,
the process is referred to as deep learning. Although machine learning can
employ simpler models based on techniques such as polynomial regression or
regression trees, deep learning models rely exclusively on deep neural networks,

which are composed of artificial neurons, as shown in Figure 1.2.
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Deep neural network
Input layer Multiple hidden layers Output layer

Figure 1.2: Structure of a deep neural network. Source:

www.analyticsvidhya.com.

Inspired by the structure of the human brain, artificial neurons are organized
into layers. The duty of an artificial neuron is quite simple: it first receives
outputs from the neurons of the previous layer as its input and performs
a simple mathematical function on them, including a parameter called bias
and considering some trainable parameters called weights, which indicate the
importance of the connections with the neurons of the previous layer. After
that, it passes a value to the neurons of the next layer based on the result of
an activation function. Activation functions are non-linear, enabling the deep
neural network to understand non-linear relationships between data. The data,
represented as numbers, are brought to a new vector space in every layer. In a
classification task, for example, thanks to multiple layers, the data in the last
layer is finally brought to a vector space where it can be easily divided into

classes.


https://www.analyticsvidhya.com/blog/2022/11/analyzing-and-comparing-deep-learning-models/
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1.2 Large Language Models

When models are used to produce content, such as text or images, they
can be referred to as generative Al models. LLMs are often used to perform
NLP tasks, including generative ones. An LM is called “large” when it has an
enormous number of parameters, often in the order of billions, and is trained
on a tremendous amount of data. To better understand how models generate

text, we first explain how text is processed by these models.

1.2.1 Embeddings

LMs do not understand text as sequences of characters; they expect the
input to be in the form of matrices to do matrix multiplication operations. This
is why the input is mapped to a sequence of high-dimensional vectors. The
input sequences are first split into the so-called tokens, and then each token
is converted to a vector in a high-dimensional vector space, called embedding.
Tokens often consist of subwords but can also encode entire words or single
characters. Subword tokenization is usually preferred because it allows for a

contained vocabulary size and the management of rare words.

Woman Woman

King

Figure 1.3: Visual representation of embeddings vectors. Source: “IEEE

Transactions on Visualization and Computer Graphics” [6].

In the vector space in which tokens are mapped, every vector aims to capture
the semantic meaning of the encoded token, and tokens with similar meanings
are positioned close together in the vector space. These vectors can also show

interesting algebraic relationships, as shown in Figure 1.3. For example, the
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following relation applies:
v(queen) — v(king) + v(man) = v(woman)

This suggests that, in this example, information about gender is encoded on a
specific dimension (embeddings usually have a number of dimensions in the

order of hundreds or thousands).

1.2.2 Transformers

Before 2017, text generation and, in general, all NLP tasks relied on recurrent

neural networks (RNNs). This architecture was limited by problems such as:

e Vanishing gradients: This problem occurs when the gradients of the
loss function become extremely small as they are propagated backwards
through the network during training, slowing or stopping the gradient

descent process.

¢ Exploding gradients: It is the opposite of the latter problem; gradients’

explosion leads to unstable training and oscillations in the loss function.

Vaswani et al. introduced a new architecture, called transformers, that
solved these problems and revolutionized NLP [7]. The main idea introduced
by the paper is the concept of attention, a mechanism that allows each token

to focus on different parts of the input sequence.

KT
Attention(Q, K, V) = softmax(Q

Jix

In Equation 1.1, () represents the input sequence, K represents the features used

W (1.1)

to compare the inputs, and V' represents the values. Each token represented in
@ finds its final representation in V' through K, similar to hashing retrieval.
The matrices (), K and V are obtained by multiplying the inputs z with
the matrices Wq, Wy and Wy, respectively, whose weights are learnt during
training. \/@ serves normalization purposes. A transformer consists of two

main parts, each made of identical stacked layers:
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Cutput
Probaplities

Add & Norm
[_Add & Norm ]
Add & Norm Multi-Head
Attention

(Add & Norm J—

1
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Masked
Multi-Head Multi-Head
Attention Attention
Y BN
——/)
Positional p Positional
Encoding y Encading
Input Output
Embedding Embedding
Inputs Outpuls
(shifted right)

Figure 1.4: Transformers architecture. Source: “Attention is all you need”

paper.

e Encoder: It processes the input sequence to produce a set of context-
aware representations; thanks to the attention mechanism, it is able, for
each token, to capture context information relative to all other tokens in

the input sequence.

e Decoder: It generates the output one token at a time, leveraging the

encoder stack’s output in its attention mechanism.
There are different types of attention:

e Encoder self-attention: Every token is encoded based on all other
tokens in the same sequence; this step helps capture dependencies and

relationships between tokens, regardless of their positions.

e Decoder masked self-attention: In the decoding step, when condi-
tional generation is done, next token probabilities are computed in parallel
to speed up training. The network is designed not to cheat and masks

the future output tokens during this attention phase.
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e Decoder cross-attention: In this step, the queries () that come from
the previous decoder are aligned with the information from the encoder.
In particular, the output of the last encoder layer is used to build a set

of attention vectors K and V.

The encoder and the decoder share common components, as explained by Xiao

et al. in the paper “Introduction to Transformers: An NLP Perspective” [8]:

e Input embeddings and positional encoding: Every input token
is first converted to a high-dimensional vector of real numbers. These
vectors are then adjusted to account for the position of tokens within the
sentence, a critical aspect of sequence modelling that plays a crucial role

in conveying its meaning.

e Multi-head attention: In this process, the attention computation
previously described is done in parallel by many attention heads. It
is done to capture information from many points of view. The results
of each head are then concatenated and multiplied by a matrix we to

produce the output.

e Feed-forward network: Every encoder and decoder layer has a feed-
forward network that processes each position in the sequence indepen-
dently. Apart from the softmax function, the attention mechanism is
inherently linear; thus, feed-forward networks are used to introduce non-
linearity, enabling the model to understand non-linear relations in the

input sequence.

e Add and normalize: After each attention and feed-forward step, the
original information is reintroduced to help the model retain important
details, which was an important problem of RNNs. Normalization is
done to provide stability; it centres token embeddings around the origin,

ensuring they have a mean of 0 and a standard deviation of 1.



8 Chapter 1. Theoretical Framework

1.2.3 Transformers architecture’s variants

Transformers models have been widely adopted for various tasks, from text
translation and summarization to text generation and question answering (QA).
Depending on the use cases, variants of the original transformers architecture
have been developed; the best known are encoder-only and decoder-only models.
The original transformer architecture, also known as sequence-to-sequence,
differs from its variants in its attention mechanism since encoder-only and
decoder-only models do not have cross-attention. The most common tasks that
these models solve are summarization and text translation; many well-known
models, such as T5 [9] and BART [10] use this kind of architecture. Encoder-
only models focus on transforming input data into a compact, meaningful
representation; in particular, they take text as input and output a fixed-length
vector that represents the input text’s meaning. Encoder-only models are
an essential part of many RAG pipelines since they compute the similarity
between text specified by the user and chunks of text from the knowledge
base. Decoder-only models focus on generating outputs based on given input:
they operate by predicting the next most probable token in an autoregressive
manner given the preceding text, continuing recursively until they generate a

special token known as the “end token”.

1.3 Fine-tuning

The architecture model is initialized with random weights that must be
trained to understand natural language. Depending on the number of param-
eters, training can be a long and expensive process; therefore GPT [11] and
BERT [12] propose a training process split into two phases. The first phase
is called pretraining and is done only once. During this phase, the model is
trained on a large corpus of text in a self-supervised way, performing various

tasks such as:

e Finding the right value for a masked token in a sentence.

e Given a sentence with mixed tokens, the model has to reconstruct the

original sequence.
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e Given two sentences, understand if one can follow the other.

After this process, the model can be specialized on a specific task in a phase
called fine-tuning. It is a process that usually requires structured data in the
form of input-output samples for tasks such as summarization or QA, and
it is done in a supervised way. Moreover, models can also be specialized in
specific domains, such as medicine or law, or on private data unavailable to
pretrained models. Even though the amount of data needed to fine-tune is much
lower compared to pretraining, high-performing models often have billions of
parameters, which can be problematic even when loading in most commercial
GPUs, let alone fine-tuning them. To overcome these issues, quantization
techniques have been devised to limit memory usage during inference, such as
8-bit quantization explained by Dettmers et al. [13], that allow the loading
of the model’s weights in a lower precision while limiting its performance
degradation. However, full fine-tuning requires memory not only for model
storage, as in the case of inference, but also for other parameters necessary for
the training phase, such as gradients, optimizer’s parameters, and temporary
memory necessary for the computation. To solve this issue, parameter-efficient
fine-tuning (PEFT) techniques are used, which freeze the model’s weights and

only update a subset of its parameters, such as particular layers or components.

1.3.1 LoRA

Low-Rank Adaptation (LoRA) [14] is a h A 5 R
PEFT technique a technique that reduces the

number of parameters needed for training, Pretrained
Weights

that has gained significant popularity in recent
research due to its efficiency and effectiveness. W e Rdxd
Inspired by techniques such as Singular Value

Decomposition, it aims to decompose the ma-

xC————— ]

trices of the model into lower-rank matrices
while capturing the most significant features Figure 1.5: Illustration of LoRA
of the data. In particular, it introduces a technique. Source: LoRA pa-

pair of rank-decomposition matrices A and B per.
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while keeping the model’s parameters frozen. These matrices are set so that
their multiplication has the same dimensions as the weights’ matrix they are
intended to modify. A and B are then updated during the fine-tuning process
while the model’s weights remain frozen, and they are utilized to compute
a AW matrix that contains the fine-tuning adjustments. During inference,
A and B are multiplied, and their product is summed up in the W matrix,
effectively updating the model’s weights. This process also allows fine-tuning
the same model on different tasks, producing a set of matrices for each task;
these matrices have a limited impact on memory usage and can be swapped

depending on the task that needs to be performed.

1.4 Prompt engineering

When querying a model, how the task is explained and, more generally,
the structure of the messages can significantly impact its response. A prompt
is a set of instructions given to the model that specifies the context of the
conversation; to guide a model towards a specific output, it is possible to enrich
the instructions and the data contained in the prompt with examples of the

task that is asked to be performed. There are many ways to structure a prompt:

e Zero-shot: It is the simplest case where the prompt includes only the

instruction and the data.

e One-shot: An example of the task that is asked to be performed is
added to the prompt.

e Few-shot: Same as one-shot prompting but with few examples.

In addition, there are more complex ways to prompt a model, such as tech-
niques that aim to guide its reasoning, like Chain-of-Thought, which will be
explored more in-depth in the next chapter. Working on the prompts has
shown effectiveness in many scenarios, with results comparable to fine-tuning

in some tasks.
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1.4.1 Prompt templates

Although powerful, standard LMs may not always generate responses that
align with user intentions, especially if the prompt is unclear or the task
requires specific guidance. Standard models are trained on large amounts of
data regarding many fields, but they are trained mainly on free-text data, and
this is why they may not yield great results in instruction-following tasks. To
address this problem, many models are additionally fine-tuned on instruction-
following data, using a specific prompt to distinguish the instruction from the

data. Prompt templates are divided into various sections, such as:

e System: Used to indicate a specific instruction to the model, directing
their behaviour and ensuring that the generated outputs align with the

intended goals.
e User: Contains queries and data the user provides to the model.

e Assistant: Contains a response given by the model. If put at the end of

the prompt, the model starts generating the response.

The answering quality of LMs used for instruction-following can also be en-
hanced by providing an expert identity that the model must follow. Xu et
al. [15] leveraged in-context learning abilities of LLMs to produce detailed
descriptions of the expert identity suitable for the specific instruction that
needs to be performed. Their work shows how, even for fine-tuned models, the
quality of the output, in terms of how comprehensive, helpful and detailed the
responses are, can vary by including a specific identity aligned with the query’s

purpose in the prompt.

1.5 Large Action Models

LLMs have demonstrated remarkable proficiency in generating and under-
standing human language. Nonetheless, LMs are natively text-in-text-out,
meaning they take text as input and produce text as output. Since they can

analyse how some tasks need to be done and explain how to do them, LAMs
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attempt to enable these models to execute actions themselves, pushing the
boundaries of what they can achieve by enabling them to perform actions
beyond text-based responses. Additionally, as Qu et al. showcase [16], tool
learning is beneficial across several domains and can mitigate some of the
limitations of LLMs.

1.5.1 Tool learning importance

The benefits of tools’ usage are multifaced and concern many fields. One
significant limitation of LLMs is that they are bounded by the extent of
knowledge learnt during their training phase and usually have a knowledge
cutoff date, indicating that the model is unaware of information after that
date. The use of external APIs enables us to overcome this limit by allowing
the model to access updated information; these APIs can provide updates on
weather conditions, forecasts and geographical data, to name a few, enabling
the use of LLMs in specific applications for fields that require updated data.
Another known limit of LLMs is their ability in specific fields, such as the
mathematical field, where many models show modest results. Even if they
excel in basic operations such as addition or multiplication, tasks regarding
divisions, exponentiation and logarithms pose similar challenges humans face.
To address this, LLMs can rely on specific tools for this purpose, such as
calculators, as humans would do. With external tools facilities, LLMs can be
used for automating tasks such as scheduling and setting remainders, and they
could even outperform many personal assistants on smartphones, which cannot
interact with most applications. Tools could also enhance the interpretability of
LLMs’ thought process; through tool selection, LLMs can exhibit steps of their
reasoning, making it possible for the user to evaluate it and identify where an
error could have happened. This makes these models less opaque and facilitates

the verification of the responses’ correctness.

1.5.2 Recent products in the LAM field

The excitement for LAMs and their potential has led companies to develop

products in this field. Despite the general interest in Al agents, the excitement



1.5. Large Action Models 13

can only sustain itself for so long before people start demanding tangible results.
Two of the most well-known products in this field are Rabbit R1 and Devin Al

Rabbit R1 Rabbit R1 ' is a device that communicates to the user through
voice commands and is alleged to act as a personal assistant that allows users
to perform actions that normally require interaction with a smartphone, such
as ordering food delivery or requesting taxi rides. The exceptional demo launch
of this product impressed many, including Microsoft’s CEO, who called it the

“most impressive demo since Steve Jobs’ iPhone Unveiling”.

Cloud <Super Host>
2) The LAM interprets the
command and proceeds into . .
the super host e i
N eretrei ey
: + & B :_T
- [
+
Q
4) The LAM asks Q
the user for ;-
confirmation of the -
T 4 ardar . [ = ]
1 u“;f:n”?c“;'“‘:i'::[?;ao“r‘:;;i‘:" me:d 32) The LAM interacts with the virtual
9 v screen of the app, executing the order
LAM

Figure 1.6: Rabbit R1 alleged functioning. Source: Medium’s article “The
Rabbit R1, AT’s First Big Scam?”.

The device was presented as a LAM that understands the user’s intentions,
but instead of creating an API request to send to the selected applications, it
interacts directly with its interfaces, just like a human would, but in a virtual
environment, as shown in Figure 1.6. However, when the product was launched,
it soon became clear that the functioning of the device was quite different
from what was initially promised: it was actually a neurosymbolic system,

a combination of a neural network which interprets the voice command and

1https ://www.rabbit.tech/


https://www.medium.com/@ignacio.de.gregorio.noblejas/the-rabbit-r1-ais-first-big-scam-00f81131bf25
https://www.medium.com/@ignacio.de.gregorio.noblejas/the-rabbit-r1-ais-first-big-scam-00f81131bf25
https://www.rabbit.tech/
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the model’s response to the user, and human-crafted, pre-fixed code scripts
that guide the actions of the LAM over the app screens. This is much more
similar to a robotic process automation implementation than to a full-fledged
LAM, and the main problem with this approach is that a slight change in the

applications’ user interface breaks its functioning completely.

Devin AI Devin AI” was presented as the “first Al software engineer”, a
model that, given a request, is able to leverage multiple tools such as web search,
command line and code editors to satisfy it. Its preview shows how it can be used
to solve tasks from UpWork, a platform for freelance programmers, implying
that it can handle complex problems typically assigned to expert programmers.
That demo was proven to be fake since it did not solve the UpWork task shown
in it, and even the original poster of the task stated so. Devin Al has not yet
been released to the public, so there is uncertainty about its real capabilities.
Nonetheless, open-source alternatives were developed in an attempt to tackle
these kinds of problems that require advanced reasoning capabilities and tool
usage. A benchmark, called SWE-Bench [17], was developed to test agents
on solving GitHub issues from popular repositories, a task in which even the
state-of-the-art models have modest results. Yang et al. developed SWE-Agent
[18], an agent able to exceed performances obtained by state-of-the-art LLMs
in this field. Since applications’ interfaces are designed for human usage, it
focuses on developing agent-computer interfaces designed to be used effectively
by models. This approach enables models to perform actions in a way that is
simple and easy to understand. SWE-Agent obtained a pass@1 rate of 12.5%
on SWE-Bench, and although the result is remarkable, there is still room for

improvement.

1.5.3 Agentic RAG

Since LMs rely solely on their internal knowledge to generate text, this
can limit the accuracy and depth of their responses. RAG enables LMs to use

external knowledge by enriching the input query with relevant data before the

2https://devin.ai/
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1.5. Large Action Models 15

model processes it. Agentic RAG leverages tool use and advanced reasoning to
introduce a layer of intelligence by employing agents to extend traditional RAG,

whose pipeline is shown in Figure 1.7. When RAG is considered a tool, LLMs

Knowledge Base

User Query

Retriever » Generator ——»

____________________________

RAG-based System

LeewayHertz

Figure 1.7: Traditional retrieval-augmented generation pipeline. Source:

www.leewayhertz.com.

can use different RAG pipelines depending on the query. For example, given
some text about scientific papers, the model can either choose to retrieve some
relevant chunks of text aligned with the query’s text or provide a summary of
a specific paper when the query seeks general information about it, as shown in
Figure 1.8. Complex queries can also be divided into parallelizable subqueries,
each of which can be executed across multiple RAG pipelines that utilize
different data sources. The responses from these pipelines are then used to

produce the final answer, as shown in Figure 1.9.


www.leewayhertz.com
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Figure 1.8: Retrieval-augmented generation routing agent. Source:

www.leewayhertz.com.
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Figure 1.9: Retrieval-augmented generation query planning agent. Source:

www.leewayhertz.com.
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Chapter 2

Related Work

2.1 Function calling

Function calling is a mechanism that enables LLMs to connect to external
tools and APIs. Recently, the capability to select and execute tools has become
a desirable feature of LLMs. Models that obtained great results in this field
are mostly closed-source, one for all GPT-4". Using closed-source models for

this raises two major problems:

(1) Tools are often passed to models in JSON format, which takes a lot of
space regarding tokens. Since most closed-source models are provided
as paid services, the cost is typically calculated based on the number of
tokens processed; therefore, including tools often results in a higher cost

per question. They may also fill a big portion of the context length.

(2) Private tools, particularly their documentation and specifications, may

be exposed to companies that own these LMs.

The latest open-source LLMs show an increasing ability in code understanding
and in the ability to generate correct function calls, and some of them also
support function calling natively. To further enhance this capability, these

models can be combined with an external retriever to pre-select tools or include

1h‘-:tps ://openai.com/index/gpt-4/
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examples of function calls in the prompt. They can also be fine-tuned on

human-annotated or synthetic data to improve performance.

2.1.1 Adding special tokens for function calling

Some works add special tokens related to function calling to the vocabulary
and fine-tune the model to make it understand the correct use cases for each
token. Chen et al. developed Octopus-V2 [2], a lightweight agent that operates
directly on a smartphone’s CPU that consists of a fine-tuned version of Gemma-
2B [19] on a set of 20 functions that carry out requests that users could ask as if
it were an assistant, such as making phone calls or sending messages. A special
token for each function allows the model to select the correct tool, with another
token indicating the end of a function call after parameter selection. Unlike
conventional linguistic tokens, these functional tokens do not possess inherent
natural language meaning, as explained in the paper; instead, they represent
specific actions, and the model learns their meaning through causal language
modelling. This approach effectively transforms the prediction task for function
names into a single-token classification among the added functional tokens,
enhancing the accuracy of function name prediction while simultaneously
reducing the number of tokens required. For smaller models, conducting
function calling can be challenging, although they excel at typical language
completion tasks; for this reason, predicting complete function names can
yield errors, and using special tokens transforms a function calling task into
a standard completion task. While this method enabled a small model to
obtain an accuracy comparable to bigger models that are not fine-tuned for
this purpose, it is not readily extensible to new functions since it would require

a fine-tuning step each time a new function is added.

2.1.2 Pairing fine-tuning with retrieval

Even when a model is fine-tuned over a specific set of functions, using a
retriever has shown to be highly beneficial. Patil et al. [1] developed a model
called Gorilla fine-tuning Llama-2 7B [20] over a corpus of (instruction, API

call) pairs. They employ a retriever during training and inference to enrich the
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prompts with examples of API calls related to the given query, as shown in
Figure 2.1, demonstrating how including a retriever can be beneficial even in

fine-tuning, resulting in higher performance. At the same time, they compare

= E GORILLA

—)
Dataset curation: 1,645 API calls. 94 from Torch Self-instruct with in-context This is then used to
Hub (exhaustive), 626 from TensorFlow Hub v2 examples to generate train Gorilla-7B
(exhaustive) and 925 from HuggingFace (Top 20 16,450 {instruction,API} pairs

in each domain).

API Database

%
[Arrrenubont) |

Information
Retriever

Zero-shot

API:StableDiffusionPipelin
e.from pretrained(stabilit
yai/stable-diffusion-2-1)

t

Input:
###Task: Generate image
from text

#itHReference API:
StableDiffusionPipeline.from_

pretrained (...) GORILLA Execution

“l want to see
some cats dancing
in celebration!”

| Results!

Figure 2.1: Gorilla training and inference procedure. Source: Gorilla paper.

the use of different retrievers and emphasize the impact that using a weaker
retriever has on the results. It can misguide the model, resulting in more errors,
thus making zero-shot training perform better in certain scenarios. This is
why they conclude that when a performing retriever is available, fine-tuning
with a retriever has better results, while in other cases, zero-shot fine-tuning
could be a better choice. Qin et al. [3] take this approach a step further
with ToolLLaMA, developed by fine-tuning both the retriever and the model
(Llama-2 7B) on data regarding a specific set of APIs. In this case, the data,
synthetically generated from GPT —3.52, consists of instructions paired with
solution paths made of reasoning steps and API calls. The retriever operates
on the documentation of the functions, not on examples of API calls, as in the
Gorilla paper. The purpose of retrieval is not to enrich the prompt but rather
to provide the model with a set of functions that it can utilize to fulfil the
input query. This approach has proven to be beneficial for generalization: the
retriever trained on APIs’ documentation shows good results in generalizing

to unseen functions when provided with their documentation, and Qin et al.

2h1:tps ://platform.openai.com/docs/models/gpt-3-5-turbo
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demonstrated this by testing their model on APIBench, the dataset on which

Gorilla was fine-tuned.

2.2 Data generation

One significant issue in function calling research is the scarcity of specialized
datasets. As stated by Wang et al. [21], since most of the available datasets focus
on a limited set of APIs, most recent works aggregate APIs from various web
sources to leverage the tools produced by human developers that are accessible
all over the web, to then produce training data and benchmarks over that set
of APIs. There are two main dataset generation options: human-annotated

and synthetically generated data.

2.2.1 Human-annotated data

Xu et al. [22] created a tool manipulation
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benchmark called ToolBench using human- — : /o Velom oo

i Task: i [ position: location (20, 30)
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in the corresponding API call, as shown in Fig- i robotraise_am(s) 10

ure 2.2. Random value pools are formed for

each keyword, which are then used to instan- Figure 2.2: Toolbench data gen-

tiate the templates by filling the placeholders. eration from templates and ran-

- . dom value pools. Source: Tool-
Training examples are made on various tools,

each consisting of multiple APIs; given a tool Bench paper.
with n APIs, developers are required to create O(n) templates so that each API
appears in at least one template. It was found that, on average, a developer

takes one day to create templates for a specific tool. Although time-consuming,
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this approach ensures that the training data is carefully curated by developers,
thus reducing the risk of hallucinations since they both write the templates

and the random value pools.

2.2.2 Synthetic generation

Other works, such as Octopus-V2 or ToolLLaMA, generate their data syn-
thetically using high-performance, closed-source LLMs such as Google Gemini®
or OpenAl’'s GPT models previously mentioned. Although this approach allows
the automatic generation of large volumes of data, it can be quite expensive,
and inaccuracy must be considered since hallucinations could degrade the

quality of the datasets. To address these issues, Octopus-V2 implements a

* Sample the query
thatis irrelevant to

API with

docstring — Google Gemini —> ) all APIs, add‘ — xMtimes ——
irrelevant function
| body
* Google Gemini 3 Data 3
J] Verification
' Generate function
Sample query call arguments from )

— Google Gemini —> — xNtimes

related to API sampled query and

API docstring

Figure 2.3: Octopus-V2 data generation pipeline. Source: Octopus-V2 paper.

data verification process that enables Google Gemini to detect errors in its
generation and correct them by regenerating the incorrect examples, as depicted
in Figure 2.3. On the other hand, to build the dataset ToolLLLaMA is fine-tuned
on, a depth-first search-based decision tree algorithm is implemented to allow

GPT-3.5 to explore different possible solutions to a single problem.

2.2.3 In-context learning approaches

Schick et al. developed Toolformer [23], a model trained on function calling

in a self-supervised way to perform fine-tuning without relying on human-

3h1:tps ://gemini.google.com/
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annotated data. API calls are made with a special syntax, and the main idea
is to have the model itself, which will be later fine-tuned, generate the entire
dataset from scratch, given some human-written examples of how the APIs
work. This approach offers the advantage that the model can determine the
utility of an API call in a specific context. Once the API calls are added to the
textual data, they are executed and filtered based on whether the API call’s
response reduced the error on the next token predictions, as shown in Figure
2.4.

1 2 3 LM Dataset
LMDatasel = qampleAPICalls ExecuteAPICalls FilterAPICalls  with API Calls
x,, = Pittsburghiis c;* = What other name is r;t = Steel City L(c;* — Steel City) x" = Pittsburgh is
" also known as Pittsburgh known by? <min(L(c;* — €), L,(e)) also known as
_ [QA(What ..2
X, = the Steel City ¢;2 = Which country is r? = United States L {c— United States) — Steel City)]
Pittsburgh in? min(L,(c? — &), L(e)) the Steel City.

Figure 2.4: Toolformer’s dataset generation approach. Source: Toolformer

paper.

2.2.4 Training Data Structure

Another big difference between different approaches is the structure of the

data used to perform fine-tuning:

e In models that assign special tokens to functions, training data often
consists of pairs of (question, function call). In this case, the names of
functions in natural language are replaced with their respective tokens in

the function calls.

e If a model does not use special tokens and does not support execution,
the answers to the questions may consist of lines of code where a specific

function is used or single function calls, often in JSON format.

e In models that support and use execution in the training process, training
data follow a more complex structure, such as execution steps to reach a

certain goal.
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2.3 End-to-end retrieval-augmented generation

End-to-end retrieval-augmented generation is a training approach that
integrates information retrieval from a knowledge base with response generation
based on the retrieved information. When a retriever and an LM are used
together in a training pipeline, both may be trained jointly based on the LM’s
output, or just one of the two components in the pipeline may be trained.
While many works have explored the strategy of including a frozen retriever
in the training process of an LM to enrich its input with relevant data, Shi
et al. did the opposite in their training framework REPLUG [4], treating the
LM as a black box. They effectively demonstrate how the LM can supervise
the retriever so that it can find the documents that assist the LM in making
better predictions. This approach is particularly useful when the gold standard
documents for a given query are not provided alongside the correct response. In
this case, the LM can guide the retriever through the correctness of its output
since the retrieved documents influence it. The accuracy of the final outputs is

then factored into the retriever’s loss calculation.

2.4 Agents execution pipelines

Thanks to the increasing code-related abilities of LLMs, the most popular
NLP frameworks, such as Llamalndex’ and Langchains, have implemented
fully-fledged agents that leverage the tool selection capabilities of the LLM
they are based on. One of the most interesting features of these agents is that
they can use multiple tools to satisfy the user’s requests and can do that using

different approaches.

2.4.1 Chain-of-Thought

Chain-Of-Thought [24] is an approach that mimics people’s thoughts when

solving a complicated reasoning task. Since it is typical to decompose a

4h1:tps ://github.com/run-1lama/llama_index
5h1:tps ://github.com/langchain-ai/langchain
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complex task into intermediate tasks before giving the final answer, models
are encouraged to generate a coherent series of intermediate reasoning steps
that lead to the problem’s final answer, called a chain of thought. Prompts
include chains of thought demonstrations to encourage this behaviour. It is
a particularly useful approach for tackling challenging problems that require
logical or mathematical reasoning, and since it provides an interpretable window
into the model’s behaviour, it can also suggest how it might have arrived at a

particular answer by showing its reasoning path.

2.4.2 ReAct

ReAct [25] aims to combine reasoning and action in LLMs to solve complex
language reasoning and decision-making tasks. It works by interleaving steps
of action execution with reasoning and action selection steps. While Chain-of-
Thought is a linear approach, ReAct is a cyclical approach that allows LLMs
to correct past decision errors and problems in tools’ execution, such as issues

related to tools’ unavailability or errors in the parameters passed. Many agents

Final Response

(&)
A (W)

User Question ~ — . - {x} - 6 @ Q - n Output

LLM PARSER TOOL OBSERVATION

Figure 2.5: ReAct agents’ execution loop. Source: LangChain documentation.

in popular NLP frameworks are implemented with a ReAct logic. These agents

are based on an LLM that, at each reasoning step, can decide to use a tool


https://python.langchain.com/v0.1/docs/use_cases/tool_use/
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or finish the loop by providing a final answer, as shown in Figure 2.5. These
frameworks also implement tool execution, allowing agents to execute the tools
selected by the underlying model by parsing and executing function calls from
its output. While these agents are very powerful, they require the LLM to be
precise in the requests and the tool selection in a specific format, such as JSON.
This process can pose challenges for open-source LLMs; in fact, even if they
are making big progress in this field and some of them even support function
calling natively, remarkable precision has been achieved almost exclusively by

state-of-the-art closed-source LLMs until now.

2.4.3 'Tree of Thoughts

To generalize over the Chain-of-Thought, Tree of Thoughts [26] enables
exploration of various reasoning paths. To do so, multiple chains of thought
are built to allow the model to explore different ways to solve a problem. This
approach aims to have better results in tasks where Chain-Of-Thought falls
short, such as tasks that require exploration or where initial decisions are
pivotal. Self-evaluation also allows the model to backtrack when it is clear that
the path taken will not achieve the desired result. It is a powerful approach,
but it is also difficult to implement and slower compared to alternatives; it can
also become costly if applied to closed-source LLMs, often provided as a paid
service. TooLLaMA uses a variant of this approach: Since many APIs used in
the work can yield errors due to poor maintenance or incorrect arguments, it

allows the LLM to explore alternative paths.






Chapter 3

Method

As anticipated in previous chapters, this work proposes using RAG in agents

to help the model select tools. The chosen approach is described in this chapter.

3.1 General approach

A retriever operates on a knowledge base formed by the documentation
of all available tools. By performing a selection of suitable tools to solve
a specific query, the number of tokens in the context length regarding the
function declarations is limited. Therefore, it allows using many tools that
would saturate the available context length of most models if passed directly
to the model. Training a retriever on tool retrieval can enable it to generalize
across documentation for tools within the same domain as those it was trained
on. The model is not fine-tuned, and its performance is increased by providing
documentation for relevant tools with the input query. If the model were
fine-tuned directly on the data regarding function calls, it would perform well
on the tools it was trained on but would not be adaptable to other tools and
would require another training phase each time new tools need to be used. The
improving capabilities of recent models in code-related tasks have enabled the
possibility of not fine-tuning the model, aiming to achieve correct tool selection

on unseen functions by providing a limited set of relevant alternatives.

27
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3.2 End-to-end training process

The retriever is trained using an end-to-end approach, as shown in Figure
3.1, where the retriever is added as a tunable module to an inference model.

The model acts as a supervisor for the retrieval module, which has to find

% Frozen parameters
Trainable parameters
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Retrieval Step

9 x . o Inference
. + Re;z;zzer > Model %

© Forvard Pass
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Figure 3.1: Our end-to-end training approach.

documents that increase the quality of the LM’s predictions. In the training
phase, for each query, k& documents, where k is a hyperparameter, are retrieved

from the knowledge base and added separately to the prompt. The loss function
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Figure 3.2: Inference pipeline with our approach.

of this algorithm is computed using the KL divergence between the retrieval

likelihoods of the documents and the scoring of the LM’s output, obtained by
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including the retrieved documents individually in the prompt. During inference,
one or more tools are retrieved based on the query and added to the prompt to

aim the inference model in proper tool selection, as shown in Figure 3.2.

3.2.1 Computing retrieval likelihood

Given a corpus of documents D, an encoder maps each document d € D
to an embedding vector E(d). For each query x, the same encoder is applied,
obtaining an embedding F(z) that will be used to compute the retrieval
likelihood for documents in D. The similarity between the query embedding

and the document embedding is computed by their cosine similarity:
s(d, ) = cos(E(d), E(z))

For each query, k documents D' C D with the highest similarity scores are then
retrieved. The softmax of the retrieval likelihood of each retrieved document is
then computed to get a probability distribution that will be used to compute

the KL divergence, as shown in the following equation:
€S(d,:v)/7

PR(d | I’) = ZdE,D, es(d,x)/’y

where v is a hyperparameter that controls the temperature of the softmax.
Ideally, the retrieval likelihood is computed by marginalizing over all the
documents in the corpus D. Even though the number of documents used in our
experiments is much smaller compared to the REPLUG paper, to contain the
amount of time needed for training, the retrieval likelihood is approximated by

only marginalizing over the retrieved documents D', as proposed in the paper.

3.2.2 Computing LM scores

The output obtained by the model is used to obtain the scores whereby
the retrieval likelihood will be compared. The LM score of each document d is
computed as follows:

QPLM(y|d#C)/ﬁ

QLM(d | mvy) = Z ,ePLM(yId,I)/ﬁ
deD
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where Pr(y | d,2) is defined as the LM probability of the ground truth
output y given the input x and a document d, and S is another hyperparameter
regulating the temperature of the softmax function, similarly to v for Pr(d | x).
The REPLUG paper does not specify an implementation for Py, (y | d, z), so,
given N tokens generated as the model’s output, it was decided to compute

this quantity as:

Poaly | d,z) = —exp@ Zayi,yi)) (3.1

where £(y;,7;) is the element-wise cross-entropy loss between vy;, the ground
truth token for the ¢-th position, and g;, the model’s predicted probability

distribution over the vocabulary for that position.

3.2.3 Loss function calculation and parameters update

Given Pr(d | z) and Qpp(d | x,y), the dense retriever is trained by
minimizing the KL divergence between these two distributions, which measures

how different two probability distributions are from each other:

£= 157 2 KL(Pa(d | 2) 1] Quarld | 2.1)
z€B

where B represents a batch of input queries. Given the scores from the model
Qru(d | z,y), the retriever is trained to change its parameters to make the
probability distribution of the retrieval likelihoods similar to that of the model’s
outputs. This is why the minus sign is present in front of the exponential
in Equation 3.1: when computing the retrieval likelihood, a more relevant
document would have a higher likelihood score; conversely, the mean element-
wise cross-entropy loss operates in the opposite manner: the higher the loss,
the less accurate the output. After updating the encoder’s parameters, the
embeddings E(d) are updated for every document d € D. In the REPLUG
paper, documents’ embeddings are maintained into a FAISS index for fast
similarity search, and since this data structure would need an initialization
process every time an embedding changes, the embeddings are updated once

every 3k steps. In this work, experiments have been performed on a manageable
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number of documents, therefore documents are maintained in simpler data

structures and their embeddings are updated after every training iteration.

3.3 Datasets structure

The objective of the training is to increase the encoder’s accuracy in tool
selection; therefore, the data is structured to pair a question with an answer
that selects a tool based on the query or solves the query’s request using a tool.
The queries are designed to be solved by a single tool so that every query has
one appropriate document to be retrieved. Since our approach judges single
documents separately, if training queries needed multiple tools to be solved, our

approach would not be appropriate, and we would need to opt for a different

one.
Query Response
Can I find academic research papers on this | ResearchHelper
topic?

I want to explore job options in the marketing | JobTool
field in Kyoto.
Can you help me analyze a certain NFT collec- | FinanceTool
tion?
What’s the humidity level in Beijing today? WeatherTool
I need a pet-friendly vacation rental in Colorado. | TripTool

Can you suggest any?

Table 3.1: Training data structured with responses consisting of tool selections

only.

Query Response

Can you take a photo using the back camera | take a photo(‘back’)
and save it to the default location?
Can you please set a timer alarm for 15:00 with | set timer alarm(‘15:00°, ‘Nap Time’)
the label ‘Nap Time’?
Is it possible to adjust my screen to the lowest | change screen brightness(0)
brightness, level 0, to save battery?
Can you set the media volume to 57 set_volume(5, ‘media’)

How do I disable the Do Not Disturb feature | enable do not_disturb(False)
on my device?

Table 3.2: Training data structured with responses consisting of function calls.
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The responses to the queries could either be the selected tool alone, as Table
3.1 shows, or a standard function call, which includes parameters, as shown in
Table 3.2.



Chapter 4
Experimental Setup

This chapter provides a comprehensive explanation of the models and
datasets used, as well as the implementation details and metrics chosen to

measure performance.

4.1 Enviroment

Loading and training LLMs require a large amount of memory and sophis-
ticated software. Preliminary experiments are carried out leveraging Google
Colab’s free resources; in particular, machines with an NVIDIA T4 GPU with 14
GB of VRAM and 12.7 GB of system RAM are provided, which, however, have
a time limit for their usage. Since the models used for our experiments require
higher amounts of VRAM and the training times exceed Google Colab’s time
limits, servers made available by the UniBo Natual Language Processing Group
were used. More specifically, the university has a cluster of four servers; most
of the experiments were performed on the main one, which is composed of four
NVIDIA GeForce RTX3090 GPUs with 24GB VRAM, 124 GB of system RAM,
and an AMD EPYC 7443 24-core processor. The resources made available by
the university are shared among students and researchers, therefore SLURM
[27], a cluster management technology, is used to allow dynamic scheduling
and allocation of jobs. Byobu, a terminal multiplexer, was used to manage

detached sessions on the server. Experiments are tracked with Weights and
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Biases, a tool that allows real-time logging of various aspects of training runs in
the cloud. Furthermore, Docker containers are used to carry out experiments
to manage all dependencies and address reproducibility; Figure 4.1 shows the

Dockerfile used for our experiments.

FROM nvidia/cuda:11.8.0-devel-ubuntu20.04

Jun

2 # Zero interaction (default answers to all questions)
3 ENV DEBIAN_FRONTEND=noninteractive

4 # Set work directory

5 WORKDIR /proj

6 ENV PYTHON_VERSION=38

7 # Install general-purpose dependencies
8 RUN apt-get update -y && \

9 apt-get install -y curl \

10 git \

11 bash \

12 nano \

13 wget \

14 python3.8 \

15 python3-pip && \

16 apt-get autoremove -y && \

17 apt-get clean -y && \

18 rm -rf /var/lib/apt/lists/*

19 RUN pip install --upgrade pip

20 RUN pip install wrapt --upgrade --ignore-installed
21 RUN pip install gdown

22 # Install PyTorch

23 RUN pip3 install -f https://download.pytorch.org/whl/cul18/torch_stable.html torch
24 # Install other Python packages

25 RUN pip3 install --upgrade pandas

26 RUN pip3 install --upgrade transformers

27 RUN pip3 install --upgrade trl

28 RUN pip3 install --upgrade datasets

29 RUN pip3 install --upgrade wandb

30 RUN pip3 install --upgrade huggingface_hub

31 # Required for flash attention

32 RUN pip3 install -q accelerate

33 RUN pip3 install bitsandbytes

34 # Back to default frontend

35 ENV DEBIAN_FRONTEND=dialog

Figure 4.1: Dockerfile used for our experiments.
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4.2 Datasets

To gauge our approach, experiments are conducted on two datasets: the
first is obtained from data taken from the Huggingface page of the Octopus-V2
model, and the second is derived from a portion of the ToolE dataset, from
MetaTool benchmark [28]. All datasets used in this study are divided into a
training set and a test set, with 80% of the data allocated to the training set
and the remaining 20% allocated to the test set.

4.2.1 Octopus-V2 data

On the Huggingface page of Octopus-V2, the documentation of the 20
tools used is included, which are custom functions performing mobile-related
tasks such as sending e-mails, making phone calls and controlling sensors. An
evaluation benchmark is also available, showing different models” performance
on around 200 examples, which include tool and parameter selection. Examples
are parsed from this benchmark, and the knowledge base is constructed by
splitting the documentation file to extract each function’s documentation
separately. Two different datasets were built: one with examples of all the
functions in both the training and test set, called “Octopus-V2 overlapping”,
and one that has examples related to different functions in the training and test
set, ensuring no overlap of functions between the two sets, called “Octopus-V2

non-overlapping”.

4.2.2 ToolE data

MetaTool benchmark introduces ToolE, a dataset built to evaluate various
models. It contains several types of user queries that trigger LLMs to use
tools in both single-tool and multi-tool scenarios; the tools used and their
documentation are retrieved from OpenAl’s plugin list. Our dataset is made by
selecting only the user queries solvable with a single tool, obtaining a dataset
of around 20k examples and 199 tools. The examples’ responses consist of tool
selection only, and have the structure shown in Table 3.1. As for the data

from Octopus-V2, the tools documentation file is split to separate each tool
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documentation from the others, and two separate datasets were built, called

“ToolE overlapping” and “ToolE non-overlapping”.

4.3 Implementation details

To ease the exploration of multiple hyperparameters, Python Data Classes
are used to avoid creating multiple files. Training scripts are executed from
a bash script in which training parameters are specified and then passed to
the Python script. Initially, we attempted to customize Huggingface’s Trainer
and SFTTrainer APIs to perform our end-to-end training. However, since our
approach requires working with two models and tokenizing data in two different
ways, and Hugginface’s APIs are designed to work with a single model, it was
then decided to build a custom training loop using the PyTorch library. We
noticed that, even with smaller models, GPU memory accumulated over time,
leading to crashes during longer training runs. We incorporated cache memory
management inside the training loop to overcome this issue, similar to the

implementation in Huggingface’s APIs.

Data preprocessing and documents retrieval Firstly, training examples’

queries are tokenized using the encoder’s tokenizer and divided into batches.

1 for epoch in range(num_epochs):

N

for index, batch in enumerate(train_data_loader):

3 curr_bs, batch_data = parse_batch(dataset["train"], batch, index)

4 embedded_documents = compute_embeddings(retr_model, tokenized_train_documents)

5 # documents_per_query contains the indices of the top-k documents for each query
- 1in the batch

6 # similarities_per_query contains the cosine similarities of the top-k documents
- for each query in the batch

7 documents_per_query, similarities_per_query =
o get_top_k_docs_per_query(embedded_documents, batch, k)

8 prompts = get_prompts(train_documents, batch_data, documents_per_query)

9 inner_data_loader = prepare_inner_data_loader(prompts, curr_bs,

- inner_tokenize_function, inner_data_collator)

Figure 4.2: Documents retrieval for each training batch and data preprocessing

for the inference model.
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At the beginning of every training step, the embeddings of the documents
are recomputed, the queries’ embeddings are computed, and, through cosine
similarity, as explained in Section 3.2.1, k& documents for each example are
retrieved. Through the batch’s index, original query-response pairs are retrieved
to build the prompts for the inference model, which is set to evaluation mode
since it is not trained. The prompts are then tokenized with the inference
model tokenizer, and they are split into k£ inner batches to maintain the same
batch size as the original outer batch, as shown in Figure 4.2. While the outer
batches are processed with a standard DataCollatorWithPadding, the inner
batches are processed with a DataCollatorForCompletionOnlyLM, which masks
the instruction and data to compute the LM scores only on generated tokens,

as explained in Section 3.2.2.

Model generation The inference model’s generation is done through the
forward method, which computes each token in parallel given the previous
correct tokens. This generation method was preferred over free generation with
.generate() method: since the LM scores include element-wise cross-entropy
loss computation, every prediction needs to be compared with precisely the
token it aimed to predict, which is impossible with free generation. FEach i-th
forward pass is used to compute the scores for every example in the outer
batch, enriched with the i-th selected document for that example, as depicted
in Figure 4.3.

1m_probs = []
for inner_batch in inner_data_loader:
inner_batch = {k: v.to("cuda") for k, v in inner_batch.items()}
labels = inner_batch.pop("labels")
with torch.no_grad():
outputs = infer_model (**inner_batch)

p_-1lm = get_p_lm_per_sample(outputs, labels, cross_entropy)

o N O Ok W N

1m_probs.append (p_1lm)

Figure 4.3: Forward generation on inference model.
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Parameters update After the forward passes are done, for each training
example in the batch, the softmax function is applied to both the retrieved
likelihoods of selected documents and LM scores in order to obtain a pair of
tensors Pr(d | z) and Q5 (d | z,y), that will be used to compute the batch’s
loss L. Finally, a backward pass is made, and the retriever model’s parameters

are updated, as shown in Figure 4.4.

Pr = compute_Pr(similarities_per_query, gamma)
Q = compute_Q(lm_probs, beta)

loss = compute_loss(Q, Pr, kl_div)
loss.backward()

optimizer.step()

1r_scheduler.step()

N O Ot ke W N =

optimizer.zero_grad()

Figure 4.4: Computation of Pr(d | ) and Q(d | z,y), and retriever model’s

parameters update.

4.3.1 Loss function variations

In the course of our experiments, we noticed how the mean element-wise
cross-entropy loss, used to compute Pry,(y | d, x), as depicted in Equation 3.1,
would take on values in the range [10_4, 2 X 101], depending on the correctness
of the output. Applying the exponential function to these values increases
their difference. In fact, given two real positive numbers ¢ and M, where
€ << M, applying the exponential function to both of them would make M
increase much more than ¢, resulting in M —e << exp(M) — exp(e). This high
difference between values in the same tensor may cause rounding errors when
applying the softmax function, leading to zeros in the probability distributions
Pr(d | x) and Qpp(d | z,y). In such cases, the K L divergence would fail since
it does not expect zeros in the probability distributions. This problem is likely

to appear in two circumstances:

e When the temperature is lowered, because dividing Pry(y | d,z) by a
number in the range ]0,1[ when applying the softmax function would

highlight this difference even more.
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e When the training example has responses that include tool selection only.
Since each token prediction is made from the previous ground truth tokens,
if the document is wrong for a given query, the model has to completely
guess the tool name, resulting in high errors. But if the response is a
function call, guessing the tokens related to the function call’s parameters
given the tool name (that appears in the previous ground truth tokens)
and the input query is a much easier task compared to the tool name
prediction, which results in lower errors and, therefore, a lower mean

error over the whole response prediction.

To address this issue, experiments were conducted using an alternative loss

function to calculate Pry,(y | d,x) as follows:

f(ymﬂz‘)

™=

- 1
PLM(y | d,x) = N

Il
—

The rationale is the same as Equation 3.1: predictions with higher loss values
result in lower LM scores on the prediction of the ground truth output y given
an input context z and a document d, but in this case, the use of the exponential
is avoided not to increase differences in prediction errors. A comparison between

the two formulas in terms of performance is provided in the next chapter.

4.4 Models

Our experiments employed various models: in particular, we tested two
models as inference models and two as retriever models. Our approach was
initially implemented using Llama 3 8B as the inference model and BGE-base as
the retriever model. Llama 3 8B, Meta’s latest state-of-the-art model, achieved
remarkable performance among models with a similar number of parameters.
BGE-base was selected as the retriever model due to its performance on the
MTEB leaderboard [29]. In the experiments performed on the data obtained
from Octopus-V2, given the dataset structure, we noticed how BGE’s baseline
was close to the maximum possible values, and the limited number of training
examples available was not enough to show a noticeable improvement. Therefore,

RoBERTa-base [30] was also used to highlight a noticeable improvement. As an
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inference model, Phi-3 7B [31] was also employed to ensure that the differences
in the values of Py (y | d,z), as discussed in Section 4.3.1, were not solely
attributed to Llama 3’s conservatism in its predictions, which could potentially
be a model-specific issue. Both inference models were used in their fine-tuned
version for instruction-following tasks, and they were used with their specific
prompt template. As for the script parameters, prompt templates are kept in
a separate file and selected through parameters not to modify the script file

every time a different model is used.

4.5 FEvaluation metrics

To evaluate the results obtained, Rank@n is used, which is a binary evalua-
tion metric commonly used in information retrieval to assess the effectiveness
of a retrieval system in locating relevant documents within a list. It measures
whether the relevant document for a given query is found among the top k

retrieved documents. For every example e, Rank@n is defined as:

1 if the relevant document is among the top n retrieved documents,
Rank@n(e) =
0 otherwise.

To aggregate these individual results across a test set £, the Rank@n metric is
reported as a percentage that indicates how many times the correct document

is retrieved among the first n selected documents:

1

RankQn = —
| E]

Z Rank@n(e) x 100%

eel

Given k retrieved documents for each query, Rank@1 ... Rank@k are logged.

4.6 Hyperparameters

For the sake of replicability, complete hyperparameters are provided in Table
4.1. Given the limited dimension of the Octopus-V2 dataset, a grid search
was performed, trying all possible combinations of hyperparameters. Table 4.2

illustrated the prompts used on the two datasets; as instruct models are used,
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the prompts use the structure of system message, user message and assistant

message, which are then properly formatted using the prompt template specific

to each model.

Hyperparameter

Search space

Octopus-V?2 datasets

gamma_ value {0.3, 0.5, 1.0}
beta_value {0.3, 0.5, 1.0}
retrieved docs per query {3, 6, 9}
num_ train_epochs {5, 10, 15}
batch size 8
learning rate le-5
Ir scheduler type cosine
ToolE datasets

gamma_ value 1.0
beta_value 1.0
retrieved docs per query 3
num_train _epochs 10
batch size 8
learning rate le-5
Ir_scheduler type cosine

Table 4.1: Explored hyperparameters along with their empirical search grid.

Hyperparameter exploration was done on both the Octopus-V2 datasets, both

with the original loss function and the approximated loss function. As expected,

the range of explored values of [, which represents the temperature of the

softmax function applied to compute Qr(d | x,y), caused many runs done

with the original loss functions to crash for the reasons explained in Section
4.3.1. Picked values are shown in Table 4.3.
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1 Octopus-V2 datasets
### System message:
Given a list of functions with their documentation, call the
correct function with the correct parameters in the form
function_name(parameter 1, parameter 2). Do not add any other text
apart from the function call. Example: Can you add a note saying
‘Remember the milk’? Response: add_note(‘Remember the milk’). Here
is the documentation of all the functions. retrieved_document
### User message:
Query: query:: Response:
### Assistant message:
response
2  ToolE datasets
### System message:
You are a helpful AI assistant. Your current task is to choose the
appropriate tool to solve the user’s query based on their question.
I will provide you with the user’s question and information about
the tools. If there is a tool in the list that is applicable to this
query, please return the name of the tool (you can only choose one
tool). If there isn’t, please return ‘None.’. List of Tools with
Names and Descriptioms: retrieved_document
### User message:
query
### Assistant message:
response
Table 4.2: Prompts used during the course of our experiments.
Original loss (P (y | d,z)) Modified loss (P (y | d,z))
Hyperparameter Octopus-V2 overlapping ~ Octopus-V2 non overlapping — Octopus-V2 overlapping — Octopus-V2 non overlapping
gamma_value 0.3 0.3 0.5 0.5
beta_value 1.0 L0 0.3 0.5
retrieved _docs_ per_ query 3 3 3 6
num_ train_epochs 10 15 15 5

Table 4.3: Picked hyperparameters values.
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Results and Discussion

5.1 Presentation of Results

Our core results obtained on both Octopus-V2 and ToolE datasets are

presented in Table 5.1 and Table 5.2, respectively.

(a) Results obtained using standard loss Pry(y | d, x)

Model Dataset Rank@1 Rank@2 Rank@3
RoBERTa-base Octopus-V2 overlapping 22.5 27.5 30.0
RoBERTa-base fine-tuned (Ours) Octopus-V2 overlapping 82.5 95.0 100.0
RoBERTa-base Octopus-V2 non-overlapping 40.0 50.0 50.0
RoBERTa-base fine-tuned (Ours) Octopus-V2 non-overlapping 77.5 90.0 95.0

(b) Results obtained using modified loss Py (y | d, z)

Model Dataset Rank@1 Rank@2 Rank@3
RoBERTa-base Octopus-V2 overlapping 22.5 27.5 30.0
RoBERTa-base fine-tuned (Ours) Octopus-V2 overlapping 85.0 100.0 100.0
RoBERTa-base Octopus-V2 non-overlapping 40.0 50.0 50.0
RoBERTa-base fine-tuned (Ours) Octopus-V2 non-overlapping 75.0 97.5 97.5

Table 5.1: Results obtained on Octopus-V2 datasets.
Our experiments evaluate the effectiveness and generalization obtained using

RAG in tool selection and function calling tasks. All experiments consist of

fine-tuning a retriever model on different datasets using Llama 3 8B as the

43
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Model Dataset Rank@1 Rank@2 Rank@3
BGE-base ToolE overlapping 51.928 63.037 68.227
BGE-base fine-tuned (Ours) ToolE overlapping 81.082 86.345 87.339
BGE-base ToolE non-overlapping  39.567 53.683 61.977
BGE-base fine-tuned (Ours) ToolE non-overlapping 2.067 6.939 9.886

Table 5.2: Results obtained on ToolE datasets.

(a) Results obtained using standard loss Pry(y | d, x)

Model Dataset Rank@1 Rank@2 Rank@3
RoBERTa-base Octopus-V2 overlapping 22.5 27.5 30.0
RoBERTa-base fine-tuned (Ours) Octopus-V2 overlapping 82.5 95.0 100.0
RoBERTa-base Octopus-V2 non-overlapping 40.0 50.0 50.0
RoBERTa-base fine-tuned (Ours) Octopus-V2 non-overlapping 77.5 90.0 95.0

(b) Results obtained using modified loss Py (y | d, z)

Model Dataset Rank@1 Rank@2 Rank@3
RoBERTa-base Octopus-V2 overlapping 22.5 27.5 30.0
RoBERTa-base fine-tuned (Ours) Octopus-V2 overlapping 85.0 100.0 100.0
RoBERTa-base Octopus-V2 non-overlapping 40.0 50.0 50.0
RoBERTa-base fine-tuned (Ours) Octopus-V2 non-overlapping 72.5 95.0 100.0

Table 5.3: Results obtained on Octopus-V2 datasets retrieving 3 documents.

inference model. The retriever’s performance was improved on all overlapping
datasets, which have examples of the same functions in both the training
and test sets. This shows the learning abilities of the end-to-end training
approach used. An improvement was also noticed on the Octopus-V2 non-
overlapping dataset but not on the ToolE non-overlapping dataset, where
the retrieval performance worsens regardless of the model used. Performance
was measured by considering the mean of Rank@1, Rank@2, and Rank@3
to choose the most performing model on each dataset. For runs where the
hyperparameter retrieved docs per query has higher values, Ranks up to
the value of this hyperparameter are logged. For completeness, results are also

presented separately for runs with the same number of retrieved documents for
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(a) Results obtained using standard loss Py (y | d, x)

Model Dataset Rank@1l Rank@2 Rank@3 Rank@4 Rank@5 Rank@6
RoBERTa-base Octopus-V2 overlapping 22.5 27.5 30.0 37.5 50.0 52.5
RoBERTa-base fine-tuned (Ours) Octopus-V2 overlapping 80.0 92.5 95.0 97.5 100.0 100.0
RoBERTa-base Octopus-V2 non-overlapping 40.0 50.0 50.0 52.5 57.5 62.5
RoBERTa-base fine-tuned (Ours) Octopus-V2 non-overlapping 72.5 82.5 90.0 92.5 97.5 97.5

(b) Results obtained using modified loss Py (y | d, z)

Model Dataset Rank@l Rank@2 Rank@3 Rank@4 Rank@5 Rank@6
RoBERTa-base Octopus-V2 overlapping 22.5 27.5 30.0 37.5 50.0 52.5
RoBERTa-base fine-tuned (Ours) Octopus-V2 overlapping 82.5 100.0 100.0 100.0 100.0 100.0
RoBERTa-base Octopus-V2 non-overlapping 40.0 50.0 50.0 52.5 57.5 62.5
RoBERTa-base fine-tuned (Ours) Octopus-V2 non-overlapping 75.0 97.5 97.5 100.0 100.0 100.0

Table 5.4: Results obtained on Octopus-V2 datasets retrieving 6 documents.

(a) Results obtained using standard loss Pry(y | d, x)

Model Dataset Rank@l Rank@2 Rank@3 Rank@4 Rank@5 Rank@6 Rank@7 Rank@8 Rank@9
RoBERTa-base Octopus-V2 overlapping 22.5 27.5 30.0 37.5 50.0 52.5 55.0 55.0 55.0
RoBERTa-base fine-tuned (Ours) Octopus-V2 overlapping 75.0 87.5 92.5 95.0 95.0 97.5 100.0 100.0 100.0
RoBERTa-base Octopus-V2 non-overlapping 40.0 50.0 50.0 52.5 57.5 62.5 62.5 70.0 72.5
RoBERTa-base fine-tuned (Ours) Octopus-V2 non-overlapping 62.5 85.0 90.0 92.5 92.5 92.5 100.0 100.0 100.0

(b) Results obtained using modified loss Py (y | d, z)

Model Dataset Rank@l Rank@2 Rank@3 Rank@4 Rank@5 Rank@6 Rank@7 Rank@8 Rank@9
RoBERTa-base Octopus-V2 overlapping 22.5 275 30.0 375 50.0 52.5 55.0 55.0 55.0
RoBERTa-base fine-tuned (Ours) Octopus-V2 overlapping 82.5 97.5 100.0 100.0 100.0 100.0 100.0 100.0 100.0
RoBERTa-base Octopus-V2 non-overlapping 40.0 50.0 50.0 52.5 57.5 62.5 62.5 70.0 72.5
RoBERTa-base fine-tuned (Ours) Octopus-V2 non-overlapping 67.5 92.5 95.0 97.5 100.0 100.0 100.0 100.0 100.0

Table 5.5: Results obtained on Octopus-V2 datasets retrieving 9 documents.

each query, considering the mean of all available metrics; results are depicted
in Tables 5.3, 5.4 and 5.5.

5.1.1 Loss functions comparison

An alternative version of the loss function was used to allow training on
ToolE data, as explained in Section 4.3.1. The alternative loss function was
also tested on the Octopus-V2 datasets for testing purposes. It was noticed
that using the standard loss function, shown in Figure 5.1, results in a slightly
higher oscillation of the metrics values over the training epochs while obtaining

a slightly worse performance on average compared to runs that use the modified
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loss, as shown in Figure 5.2 and in Table 5.1.

Rank@1 Rank@2 Rank@3

Figure 5.1: Metrics obtained on Octopus-V2 non-overlapping dataset using the

standard loss function.

Figure 5.2: Metrics obtained on Octopus-V2 non-overlapping dataset using the

modified loss function.

5.2 Discussion

The training run on the ToolE overlapping dataset yielded a remarkable

increase in performance, as shown in Figure 5.3. However, on the ToolE non-

Rank@1 Rank@2 Rank@3

Training Loss Evaluation Loss

Figure 5.3: Complete metrics obtained on ToolE non-overlapping dataset.
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overlapping dataset, there was a gradual decrease in metrics values, as depicted
in Figure 5.4, while better performance was obtained on the Octopus-V2 non-

overlapping dataset. The loss in the run on the ToolE non-overlapping dataset

Rank@1 Rank@2 Rank@3

Figure 5.4: Metrics obtained on ToolE non-overlapping dataset.

had a similar decreasing trend to the one shown on the ToolE overlapping
dataset in Figure 5.3. Although there was a decrease in the metrics values as
well, the problem is not in the training algorithm: since the KL divergence
measures the difference between two probability distributions representing LM
scores and retrieval likelihoods if LM predictions are inaccurate and retrieval
performances get equally inaccurate, the loss values might decrease despite
this inaccuracy. To explain the gap in the effectiveness of our approach on
the Octopus-V2 data compared to the ToolE data, it is helpful to consider the
type of functions included in the two datasets: The ToolE datasets include
heterogeneous tools covering many fields, ranging from cybersecurity to web
search, from calculation tasks to picture generation. On the other hand,
Octopus-V2 datasets include functions that, although they cover many fields,
such as sending text messages, making phone calls, or controlling a smart home
through sensors, are all about actions that a smartphone assistant would do.
Given this consideration, one reason for the poor performance obtained on the
ToolE dataset may be the difficulty of generalizing to functions unrelated to
those seen during training. Another cause may be the documentation used
during training: in the experiments presented, the documentation file of the
whole library was passed in both the training and evaluation phases. Since the
training on the ToolE dataset is much longer and includes many more examples
compared to the one done on Octopus-V2 datasets, the retriever could learn at
some point to exclude the functions documentation related to examples that

are in the test set and not in the training set, since they are never relevant
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to training examples, thus resulting in poor performances on the test set. To
verify these hypotheses, another experiment was conducted by splitting the
documentation file into two parts: the first part, used during the training phase,
includes documentation for functions related to the training examples, while
the second part, used during the evaluation phase, contains documentation for

functions in the test set. The results are shown in Figure 5.5; an increase in

Rank@1 Rank@2 Rank@3

Figure 5.5: Metrics obtained on ToolE non-overlapping dataset using different

documentations for training and test sets.

Rank@1 and Rank@2 can be noticed in the first two epochs, and, although
the metrics decrease with increasing epochs, the reduction is only by a few

percentage points and does not reach values close to zero as before.



Conclusion and Future Work

This work evaluated RAG integrated into tool selection and function call-
ing tasks. We chose an end-to-end retrieval-augmented generation training
approach, a novel approach particularly useful in scenarios where the training
data is not labelled with their relevant documents, allowing a straightforward
fine-tuning of the retriever. Inspired by the REPLUG framework, which de-
scribes this approach in theory, we provided an implementation that elaborates
on details of the approach that were not described in detail in the original paper,
such as the specific definition of the loss function used. For this reason, we
explored the use of two different implementations to compute the loss function
in the training algorithm, showing their differences and their results on different
datasets. Using multiple datasets and models, we demonstrated how RAG
could increase the generalization abilities in agentic tasks and to which extent
this is possible. Two types of datasets were mainly used in our experiments,
both related to tool selection and function calling tasks in response to an input
query. We evaluated the learning abilities of our approach, showing an increase
in performance on the tools the retriever was trained on and its generalization
capabilities, as well as what happened when the retriever was tested on unseen
tools during training. One of the biggest limitations encountered was the lack
of data. Since agents are a recent discovery in NLP, a standard for data related
to function calling and tool selection is not yet available. Moreover, most
existing works use approaches usually related to model fine-tuning on a limited
set of tools, providing data in custom formats, including entire code scripts
or multiple generation steps. Therefore, many works focused on the synthetic
generation of data using various techniques, which were explained in our work.

Since all approaches in machine learning rely on data and their availability,
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synthetic data generation is a technique that needs further exploration, given
its current limitations related mainly to hallucination problems. However, it is
a topic that could contribute to LLMs’ abilities in tool selection and function

calling.
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