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Tool use by large language models (LLMs) is an expanding direction
for utilizing the abilities of those models to answer natural language
queries. The ability of LLMs to reason is highly dependent on the num-
ber of parameters they possess. Recent improvements in the field have
shown thatit’s possible to improve the performance of small models by
splitting tasks among separately fine-tuned agents. This study aims to
extend the previously mentioned concept by proposing new task splits
and other parameter-efficient fine-tuning (PEFT) techniques for multi-
LLM tool use. Through this analysis, it is anticipated that the capacity

of small models to effectively employ tools will be improved.
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81 Introduction

1 Introduction

1.1 Motivation

The integration of Large Language Models (LLMs) within question-answering
(QA) systems, further enhanced by tool augmentation, presents a significant
opportunity for the development of a ubiquitous technology with wide-
ranging applications. This has been shown by the popularity of smart speak-
ers such as Google Assistant and Amazon Alexa (Canalys, 2021), which are
natural language assistants, that can help users with tasks such as checking
the weather, by summarising the output from a small predefined list API,
that the assistant selects from. Unfortunately, their inability to reason and
limited natural language understanding capability limit their usefulness.
These issues can be addressed to a large extent by introducing LLMs into
their pipelines, as they can perform complex reasoning (Wei et al., 2023) and
are excellent at understanding natural language queries.

Furthermore, the growth in popularity of instruction fine-tuned Large
Language Models, which in their pure form can answer many natural lan-
guage questions (Brown et al.,, 2020; Gao et al., 2024) encourages the need for
further developments in this area. Furthermore, people with disabilities can
particularly benefit from such tools as their responses do not rely heavily
on visual clues to convey information, unlike the case of other well-adopted
tools such as web browsers.

The popularity of LLM-based systems persists, despite the fact that most
freely available models rely on parametric knowledge, which can become
outdated over time (Izacard et al.,, 2022), whilst costing exorbitant amounts of
energy to re-train (Patterson et al.,, 2021; Thoppilan et al., 2022). Furthermore,
those models have a large tendency to hallucinate (Dahl et al., 2024; Huang
et al., 2023; Ji et al,, 2023; Mallen et al., 2023), which is the phenomenon of
generation of facts and statements that are not based on the input data or the
model’s training. Hallucinations are especially noteworthy, the prevalence
of those in tools used by people today raises major concerns even in profes-
sionals outside of the computer science field (Curran, Lansley and Bethell,
2023).

LLMs can be trained to retrieve documents (Asai et al., 2024; Guu et al,,
2020; Lewis et al., 2021), perform complex reasoning within their output (Wei
et al.,, 2023), write code that solves the question (Li et al., 2023) or use external
tools in the form of a large set of APIs to retrieve a variety of information
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based on the task (Qin et al., 2023; Tang et al., 2023). Each of these approaches
broadens the ability of the LLM to produce accurate information and can
prevent hallucinations because the model can reference an external source
of information, which discourages hallucinating information (Béchard and
Ayala, 2024; Ding et al., 2024). Tool use with very large language models,
such as GPT-3, works very well even with very few examples (Brown et al.,
2020), but as they are not an open source and the associated expense of
computing response with them, it tends to be very computationally to deploy
in practical applications, resulting in high financial and environmental costs
(Patterson et al,, 2021). The emergence of compact open-source language
model alternatives, such as Llama 2 (Touvron et al., 2023), mitigates prevailing
challenges, albeit accompanied by substantial performance degradation
when utilized in their raw form (Kaplan et al., 2020; Wei et al., 2022).

There have been several approaches to improve their performance. In
their work Shen et al. (2024) they propose a modification to the regular
tool use pipeline. In line with the heuristics of ReACT (Yao et al., 2023), the
authors have distinguished 3 tasks that the model has to undertake when
using tools: Planning (also called Reasoning), Calling (also called ACTing)
and Summarizing. In a traditional tool-use pipeline, each of these phases is
performed by the same model that has been trained to perform all three tasks.
(Shen et al., 2024) a-UMI the authors propose to enhance the performance
of the model by fine-tuning three separate models, where the split was
designed based on the aforementioned heuristics of ReACT (Yao et al., 2023).
This when combined with inference time parameter patching, using the
Low-Rank Adaptation (LoRA) (Hu et al,, 2021), means computationally the
resulting pipeline requires only negligibly more parameters to be stored in
memory, whilst resulting in a large performance improvement at certain
stages of the pipeline (for instance an 8.4% improvement over the Single-LLM
approach in terms of Plan Accuracy on ToolBench (Qin et al., 2023)). These
specialised networks will be referred to as agents in this work. It has to be
noted that the training time of three specialised agents is longer than the
training time in the case of training a single network to perform all three
kinds of operations. In their study, the a-UMI pipeline required roughly 50%
more training time than the Single-LLM network.

It is postulated that the heuristic division of tasks among agents may not
represent the optimal efficiency in relation to training duration and perform-
ance. There may exist alternative, coarser divisions that yield comparable
performance levels. On the other hand, the contrary might be true, where a



81 Introduction

finer split of tasks might have a large positive impact on the performance of
the pipeline, whilst not prolonging the training time by a significant margin.
Finally, there are potential advantages to another parameter efficient fine
turning (PEFT) strategy in certain settings (Han et al.,, 2024), hence I hypothes-
ise that the final performance could be improved or at least validated to be
LoRA. Amongst the reviewed PEFT strategies ReLoRA (Lialin et al., 2023) is the
most promising as it is an expansion of the aforementioned LoRA, promising
performance improvements. On the other hand, QLoRA (Dettmers et al,
2023), 1s a promising approach for cases with limited training resources,
especially when the number of agents grows rapidly.

The study aims to find the best task splits for the tool-use pipeline or
validate the existing proposed split as the best option (as seen in Shen et al.
(2024)). Further, the study also aims to find the best PEFT technique for this
task. The last aim is to validate the repeatability of the results presented in
work presented by Shen et al. (2024).

1.2 Literature review

LLM tool use is a very dynamic field of study with most of the crucial develop-
ments in the area happening in the last few years. Several factors contributed
to this expansion of research in this field, string with the recent large growth
of the capability of LLMs, especially when it comes to their ability to learn
from even a small number of samples (Brown et al., 2020). These benefits
are the most characteristic of the very large models, whilst the smaller mod-
ern models such as Llama 2 (Touvron et al., 2023), rely on fine-tuning on
the samples to achieve good performance. The next advancement that has
moved the tool use field forward was the idea of generating training data
using instruction fine-tuned LLMs (Wang et al., 2021), by utilizing extremely
capable models such as Chat-GPT 4 (OpenAl, 2024). This approach was used
by the authors of Qin et al. (2023) to create example usages of available APIs
simply based on their documentation with no need for manual human an-
notation. This allowed for creating a larger dataset and also expanding the
number of tools the model can learn to use.

A strong foundation for the field in the shape of a large dataset, that
covers a wide array of tools and the availability of highly capable foundation
models is crucial to the field (Zhou et al,, 2023), but there are still several
open questions and dilemmas that require the attention of researchers to
create practically viable tools. The dilemma that is especially important in
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the context of the climate crisis, is the trade-off between capability and power
efficiency, as the larger models possess a higher degree of competence (Ka-
plan et al., 2020; Wei et al., 2022). Their monetary and climate cost cannot be
underestimated as the power consumption of the LLM and the implications
of that are large (Patterson et al., 2021).

Furthermore, handling the user’s request in the tool use context often
necessitates multi-step reasoning such as the approach shown by Yao et al.
(2023), which separates the step of reasoning and acting, hence the name
ReACT. This idea works much better than simply performing the answering
of the question in one response. This approach can be used for tool use and is
often used as a multi-step ReACT, where the agent will plan for the initial API
request, execute it, consider the implications of the response, and whether
to continue with the next planning step or end the execution by providing
the user and answer to their original question.

This pipeline has a major issue, which is the fact that a single error or
hallucination at one step is likely to lead to an incorrect response or an error.
Qin et al. (2023) in addition to procuring a dataset for the task they have
also tasked themselves with addressing this issue. In their alternative to
the standard application of ReACT, called DFSDT, they propose allowing the
model to effectively roll back some of the steps and try again. Another inter-
esting approach is representing the APIs and their outcomes as a graph, and
allowing the model to perform its reasoning over the graph (Liu et al., 2023).
This is a much more complicated but also flexible structure, that enables
the LLM to have a better understanding of the interaction and potential use
cases of each tool, rather than considering it as a simple linear structure
(ReACT) or tree structure (DFSDT).

2 Method or approach

Achieving the aim set out in this research necessitates reproducing the results
of work undertaken by Shen et al. (2024) as this research merits attention
under the assumption that the basic heuristic split can yield performance
benefits under the right training regime. Secondly, as the ethos of the work
is improving the quality of the response when using smaller models, the
computational cost of training and inference has to be measured, therefore a
metric for evaluating that has to be devised and used for each of the proposed
modification of the original pipeline to provide context to the evaluation in
terms cost.
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In order to reproduce the work from (Shen et al., 2024) and expand it
further the pipeline shown in their paper has to be implemented and further
expanded to fit the needs of changing the splits in the tasks and inserting
differing PEFT techniques. The choice of foundation model used in this study
will remain consistent with the model used in the original study which was
the Llama 2 model (Touvron et al., 2023), which is not the newest model from
the Llama family since the recent release of the Llama 3 model. This choice
was made to consistency and ability to compare with the existing research
which is mainly based on the older version of the model.

The proposed splits have to be considered from the theoretical point of
view and the model ought to be assessed based on which part of the model
is the most responsible for failures of the entire pipeline. Such an evaluation
regime can then be applied to the original a-UMI pipeline, which can be
evaluated in those terms to produce potential avenues for improvement, by
splitting struggling agents and merging agents that are performing well.

This evaluation can be achieved by using a subset of training data, and
then identifying where the models’ behaviour deviated from the correct
sample, and then recording the model responsible for the mishap. Crediting
the error can be achieved using simple heuristics, such as the Planner is
responsible for choosing the right API, the Caller is responsible for getting an
error-free response from the API, and the Summarizer produces the correct
answer to the user. The cases where the previous steps did not have issues,
whilst the current step did not match the expectation can be counted and
stored as a rate for each of the agents in the system. Ruan et al. (2023) present
a technique for evaluating this aspect of LLMs using tools, and other works
focus more of their attention on evaluating the tool choice in particular
(Huang et al., 2024).

Afterwards, the new splits have to be evaluated and the respective fault
rates can be measured to suggest new agent splits to test. Consideration of the
performance and pattern of shifting performance based on the characteristics
of each split ought to be considered as well. A similar approach ought to be
undertaken for the various PEFT methods and their implications in terms of
performance. The final resulting contribution from both of these analyses
will be an improvement in the performance of the final model, which will
aid small models to be more competitive in terms of their ability to use tools
when compared to models that require more computational resources to
run. Further, enrichment in terms of the rationale behind selecting such
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non-heuristic splits for models of this kind and the PEFT techniques in the
context of small models is another desired outcome of this study.

3 Work plan

Implementing the methods requires further research of evaluation methods
and benchmarks that assess tool use in addition to the more thorough review
of metrics of accessing the point of failure in the pipeline. This along with the
research conducted for this Research Proposal can be classed as ‘Research’
in terms of work grouping.

Further, the initial benchmarks and evaluation metrics outlined in Section
2 will need to be implemented before the testing of the baseline methodology.
With those pipelines in place, the baseline methodology presented by Shen
et al. (2024), both in the Single-LLM and a-UMI variants, will be evaluated.
Once the performance of those is validated, the selection of new experimental
to be proposed and then evaluated using the metrics as mentioned earlier.
Developing the required code for these tasks can be generally referred to as
‘Implementation®. In this phase, the tangible deliverable will be the software
and pipelines procured for this task.

A substantial portion of the time has to be dedicated to training the
model and evaluating the aforementioned models. This can be done largely
without human supervision therefore in terms of the Work assignment, the
time assigned to this aspect of the project will be shared with other work.
This grouping will be collectively known as ‘Training".

The results of this evaluation can be used to further suggest other splits in
the data can be trailed to find the most viable and efficient solution to splitting
the task. Furthermore, those results ought to be considered and discussed
in full in the report in the search for patterns are new split heuristics based
on the experimentation conducted. Within a similar vein of work, work on
writing the report will be also merged into this grouping. This grouping will
be referred to as ‘Results & Report".

3.1 Plan, milestones, risks, and deliverables

The plan for the project has been visually represented as a Gantt Chart
in Figure 1. This representation of the plan more clearly represents the
dependencies in the project and tasks which are characterised by a degree
of concurrency. Milestones are highlighted in the plan by rhombus shape in
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the chart and the corresponding My label. Each Milestone’s details and the
associated Deliverable are shown in Table 1. This table also includes details
of the Risks associated with the project.

The plan largely follows the steps outlined in section 3. The milestones
that were highlighted for this research were the finalization of the initial
research, and the completion of the code implementation, which will result
in the final software repository. The next major milestone is the completion
of the training/fine-tuning of all of the models required for the analysis. The
final milestone is the production of the final report, which comes with comes
with a distinct deliverable of the final report.

In terms of risks, the major risk is the inability to effectively assess the
practical usability of the final model. Human annotated evaluation is the
most indicative of actual improvements in the quality of the responses, but it
is outside of the financial scope of this project. Some of the other evaluation
schemes rely on access to a large number of Chat-GPT 4 API calls to access
the model’s ability to recover from errors (Wang et al., 2024), but the cost of
using such API can be extortionate. Addressing this risk requires thorough
research into multiple evaluation strategies that are computationally and
financially viable. The second risk comes if the performance shown in the
work of Shen et al. (2024) is unreproducible, which would put the premise
of the entire research into uncertainty as if the proposed split in the paper
did not improve the performance, it is unlike that other splits will improve
the performance beyond the single-LLM baseline. The next risk is the fact
that the evaluation metrics proposed to advise the further splits, do not yield
useful insights. This risk is quite minor and might be a partial indication
that there is a limited gain to be had from changing the splits of the data. In
the case of this risk becoming a reality, the research can focus on new task
splits that heuristically make the most sense. Another factor to consider is
that the end of the dissertation period may be a particularly busy time for
the supervisor, due in part to their responsibilities to other students. As a
result, it may be more challenging to receive timely feedback on the final
report. To mitigate this, it might be helpful to plan ahead and allow for extra
time for feedback and revisions.

4 Responsible Research

The research undertaken in this study is based on my best understanding is
free of major ethical risks associated. The datasets used in this study (Qin
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et al, 2023; Tang et al., 2023) have been acquired through ethical means, such
as annotation by Chat-GPT 4, based on publicly available API documentation.
The list of APIs that the model is trained on is provided by RapidAPI. Service
providers on the RapidAPI platform are liable for ensuring the APIs do
not infringe on any IP (intellectual property) (RapidAPI, 2023). The dataset
does not include any sensitive information, as it is simply based on publicly
available API documentation and the resulting dataset is itself public as well.

Event Period Description Deliverable

o M; 26.05 End of Initial Research
<
s M 29.06  Implementation completed Software repository
é M; 20.07  All models trained

My 19.08  Report finalised Final Report

Ry 14.05-21.05 Limited benchmarks within computational budget
<Ry 25.05-14.06 Performance in Shen et al. (2024) work proves unreproducible
Z

Rs 03.06-20.06 Baseline results prove not useful for split selection

Ry 10.08-20.08 Busy period for supervisor

Table 1 Project milestones, deliverables, and risks (bold =
main); see Figure 1.
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