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Can we make FCC Experts out of LLMs?
Atul Bansal, Veronica Muriga, Jason Li, Lucy Duan and Swarun Kumar

Carnegie Mellon University
United States of America

ABSTRACT
This paper investigates whether Large LanguageModels (LLMs) can
provide wireless expertise, particularly in the context of spectrum
regulations. For any wireless system designer, defining an effective
set of wireless parameters, such as the frequency operating band
and total radiated power, is one of the very first steps in design-
ing any wireless system. The current approach to do this relies on
human FCC experts, who have to consult large volumes of techno-
legal documentation on government regulations, such as the FCC
rulebook and other industry standards. To ensure the exhaustive
coverage of various use cases of wireless systems, these documenta-
tions tend to be quite long and very hard to parse through, even for
an FCC expert. Given the success of LLMs in providing expert and
accurate responses to varied other domains, it is natural to won-
der if they could also assist wireless system designers in ensuring
their compliance to these techno-legal rules and regulations. In this
paper, we present WiLL, a system built on a state-of-the-art LLM,
designed to be an assistive tool for wireless system designers to
ensure their wireless system complies with regulations. Specifically,
we focus on ensuring compliance with FCC regulations for various
wireless systems that are designed for technologies such as WiFi,
Bluetooth, LoRaWAN and UltraWide Band (UWB). We observe that
WiLL achieves an accuracy of 78.57%, as compared to an average
51.77% accuracy of off-the-shelf state-of-the-art Large Language
Models.

CCS CONCEPTS
• Networks → Wireless access points, base stations and in-
frastructure; Network manageability; Mobile networks; • Com-
puting methodologies → Natural language processing.

1 INTRODUCTION
In this paper, we explore if the ever-evolving capabilities of Large
Language Models (LLMs) can assist wireless system designers, with
a special focus on FCC spectrum regulations. Designing a complete
wireless system requires expertise on various wireless communica-
tion parameters such as operating frequency, bandwidth, transmit-
ted power, bit error rate, overall network performance etc. Among
these design decisions, the first step any designer takes is to ensure
that the wireless system is compliant with the spectrum regulations
to ensure fair and efficient access to limited spectrum resources
across all relevant stakeholders. To achieve this, the designer must
pore through extensive documentation on spectrum regulations
(for example FCC regulations in the United States) to decide sys-
tem parameters. Effectively implementing and understanding this
documentation requires significant technical and legal expertise.

This work is licensed under a Creative Commons Attribution 4.0 International License.
HOTMOBILE '25, February 26-27, 2025, La Quinta, CA, USA
(c) 2025 Copyright is held by the owner/author(s).
ACM ISBN 979-8-4007-1403-0/25/02.
https://doi.org/10.1145/3708468.3711885

Spectrum expertise is therefore inaccessible for many wireless sys-
tem designers, especially radio enthusiasts and small businesses.

Recent advancements in natural language processing have led
to the development of Large Language Models (LLMs) such as
ChatGPT[1], which have greatly improved the creation of natural
language interfaces for data interaction. Systems built on these
models have demonstrated state-of-the-art performance on stan-
dard text-to-text datasets. Further, these models have also been
extended to work for domain-specific problems such as software
code review[20], responding to database queries[12], and biomed-
ical research [24]. Indeed, there has also been prior research on
LLMs in the wireless context [21, 22]. However, these works re-
main focused on either providing a detailed explanation of various
wireless system parameters or discussing protocol specifications
of specific wireless technologies. While these models act as a good
resource for understanding wireless systems, they are not intended
to support network design. Hence, a natural question to ask is: Can
we exploit the power of LLMs to assist in designing a wireless
system, specifically, to comply with spectrum regulation?

We present WiLL, a system that exploits the power of existing
Large Language Models (LLMs) to assist amateur wireless enthusi-
asts in designing a wireless system. Specifically, we focus on the
first step that every wireless system designer needs to undertake –
ensuring that their network design complies with FCC regulations.
We observe thatWiLL provides accurate responses to a wide variety
of transmitter design questions across various wireless technologies
such as WiFi, Bluetooth, Ultra Wide Band, LoRa etc, achieving an
accuracy of 78.57% as compared to the average accuracy of 51.77%
by the state-of-the-art Large Language Models such as ChatGPT,
LLaMa and GPT-4.

We first motivate the need for WiLL by evaluating how existing
state-of-the-art Large Language Models perform on a dataset of
wireless system design queries and corresponding responses. This
dataset is developed by an experienced wireless systems researcher
by generating a wide range of queries and answering them after
carefully consulting the FCC regulations [5]. The dataset includes
various design questions across wireless technologies such as WiFi,
Bluetooth, Ultra Wide Band and LoRa. We observe that state-of-
the-art LLMs do not perform well in answering these queries. The
main reason for this is that wireless system design involves highly
specialized queries. Indeed, LLMs are known to be weak to respond
to highly specialized queries in niche domains [14] and FCC regu-
lations are no exception. In the U.S, FCC spectrum regulations are
described using specialized terminology with various exceptions
and use cases based on applications, frequency of operation, etc.
A generic language model such as ChatGPT struggles to under-
stand the relationships between these terminologies and misses
relevant textual patterns that are required to interpret the wireless
transmitter specifications correctly. Further, FCC regulations are
typically based on emission power limits that are highly dependent
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on wireless transmission parameters such as bandwidth and an-
tenna characteristics, and require numerical computations to verify
if the transmission follows FCC regulations. While ChatGPT excels
at logical reasoning, generative models are largely not adept at
performing numerical calculations, which results in mistakes.

To tackle this challenge, WiLL exploit various technological
advances in context-based learning or Retrieval Augmented
Generation (RAG). This is a technique that involves creating
a domain-specific database of embeddings with each embedding
representing various chunks of text in the database, followed by
correlating user query embeddings with the database to retrieve
chunks of text that are most relevant to the user query. The user
query is then augmented with these contextual chunks to create a
new input prompt. However, naïvely performing context learning
does not work well. The main reason for this lies in primitive
chunking strategies for the domain-specific embeddings that fail to
capture the inherent structure of the regulation document, resulting
in individual chunks that consist of a mixture of different (and often
irrelevant) information. Performing correlation of the user query
embedding with such an embedding database results in contextual
chunks, that may unfavorably impact the overall performance.

To address this problem, we take insight from how a human
wireless expert parses FCC regulations – in a hierarchical manner.
Just as humans use an index to effectively and quickly parse through
any book or a document, we develop a novel chunking strategy that
creates individual chunks using the hierarchical structure of the
index of FCC spectrum regulations. Emulating human-like parsing
techniques to generate accurate context enables WiLL to effectively
exploit the context-based learning capabilities of LLMs to generate
accurate answers.

Our evaluation (Sec. 4) shows that WiLL outperforms state-of-
the-art LLMs, demonstrating an accuracy of 78.57% compared to an
average 51.77% accuracy achieved by state-of-the-art models. The
code of WiLL and question-answer dataset used to evaluate WiLL
is publicly available here - https://github.com/Jasonic121/WiLL.

2 RELATEDWORK

Applications of LLMs: Large Language Models (LLMs) have
recently gained immense popularity due to their performance in
various text-to-text applications such as web search, software code
generation, text-to-image generators, etc. [2, 3]. Foundation models
such as GPT-4 [32] can even process and generate outputs across
text, audio, and image modalities in real-time.
Engineering LLMs: Even though such models are developed as
an all-purpose tool to answer varied queries, they fail with queries
that are highly specialized and context-dependent. To address this,
researchers have developed techniques such as few-shot learning
[26], finetuning [6], and prompt engineering [4], that allow these
large pre-trained models to respond well to contextual queries.
Prior work has used these techniques in different domains such as
medicine, healthcare, and biomedical research [18], SQL queries
[28], software code review [13] etc. There also exist techniques that
represent the contextual database into graphs (GraphRAG)[9] to
enhance the performance of RAGs. However, generating such a
representation is complex because of the presence of graphs. All
the modules in the RAG pipeline need to be re-designed in order

to support Graph inputs or outputs. In contrast, WiLL performs
a simple but effective chunking operation to represent contextual
database into a special type of graph (∼ trees) and uses state-of-
the-art text embedding models to perform contextual embedding.

LLMs in Networking: LLMs have also aided computer network-
ing. Indeed, for the past few years, networking researchers have
explored how LLMs can assist in solving real-world problems across
layers of the network stack. These include network management
by handling network topology and communication graphs [16],
incident management in networks [8], network device configura-
tion [25, 27], network security protocol fuzzing[17] etc. Some early
work has also emerged in employing LLMs for studying specific
wireless protocols [22, 31]. These LLM models are fine-tuned on
contexts such as 3GPP protocols [10–12] to create natural language
interfaces. While there has been work done in developing LLM’s for
studying specific wireless protocols, the secret sauce of WiLL lies
in the novel hierarchical chunking method that emulates a human
in parsing large documents. This hierarchical chunking technique
is complimentary with the various fine tuning approaches already
explored in the literature and both of these techniques can be used
together to improve the performance. Apart from checking com-
pliance for FCC regulations, WiLL can also be generalized across
various other networking protocols as discussed in Sec. 6.

In this paper, we discuss how WiLL can assist wireless network
designers in crafting a wireless system with a special focus on
ensuring compliance with FCC regulations. We also discuss how
WiLL can be extended to other aspects of wireless system design
as well.

3 STATE-OF-THE-ART LLM PERFORMANCE
In this section, we discuss the performance of state-of-the-art LLMs
perform as an assistive tool for wireless system designers, with a
specific focus on FCC regulations. To motivate the need for a better
approach for using off-the-shelf LLMs in this scenario, we study
the performance of state-of-the-art LLMs, such as ChatGPT, GPT-4
and LLaMa, when they are presented with queries regarding FCC
regulations.

For this study, we create a set of sixty question/answer pairs with
the help of an experienced researcher in wireless system design.
Most of these questions describe various properties of a wireless
transmitter such as maximum transmit power, bandwidth, antenna
gain, operating frequency etc. Depending on the FCC regulations of
these properties, the transmitters described in the prompts would
either be in compliance or violation of the FCC regulations. We
expect these LLMs to output the correct inference (if they comply
or not) along with the proper explanation of their answers. We
input these questions in various LLMs such as ChatGPT, GPT4 and
LLaMA, and verify the correctness of LLM outputs by comparing
them with answers provided by a human expert, in our case an
experienced wireless researcher. .

To provide a representative example for qualitative understand-
ing, Fig. 1 shows an expert-generated question and ChatGPT’s
response. The query checks whether the wireless transmitter with
the given specifications follows FCC regulations for Ultra Wide
Band (UWB) transmissions. We observe two classes of error in the
generated response:
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Models Accuracy
ChatGPT 46.42%
GPT-4 73.20%
LLaMa 35.71%

Table 1: Performance of state-of-the-art LLMs on the wireless
system design queries

Figure 1: An expert-generated question and ChatGPT’s re-
sponse

• Incomplete information: FCC regulations governing
UWB transmissions arementioned in Section 15 of the entire
rulebook. This is correctly mentioned in the first sentence
of the generated answer by ChatGPT. However, it does
not provide the correct subsection in which the answer
is present, thus the output generated by the off-the-shelf
ChatGPT is incomplete.

• Mathematical Computation Errors: As highlighted in
Issue 2 on Figure 1, ChatGPT is prone to making errors in
mathematical calculations. The power limits are given in
"dBm/MHz" and calculating total power using this method
should multiply power by the bandwidth in the logarithmic
domain. However, the model multiplies the 4 GHz band-
width with the power spectral density in an inaccurate
manner, generating a wrong answer. This example shows
that LLMs often fail at mathematical computations.

We observe that current state-of-the-art LLMs perform very
poorly in answering queries related to FCC regulations. The main
reason for this poor performance is the presence of specialized
information in such queries. This is a well-known problem that
language models struggle with [18]. A key reason for the poor
performance of LLMs in such specialized and domain-specific tasks
is the algorithm that these LLMs use to generate new text. Given
a ’context’ –that is, a fixed number of preceding tokens– state-of-
the-art LLMs maximize token probabilities for each next possible
word/token. These token probabilities are learned by training the
LLM over a vast corpus of data gathered from various sources
such as books, news articles, and scientific journals. When queries
are provided from a specialized domain, the generated context
probabilities are biased due to the presence of irrelevant information
from other domains in the vast corpus of data, leading to prediction
inaccuracies.

We observe similar behavior across all the question-answer pairs
from our expert-generated dataset. Table 1 is a quantitative sum-
mary of how multiple state-of-the-art LLM models perform with

the dataset. We observe that all the models perform very poorly
with accuracy ranging from 73.20% accuracy in GPT-4 to 35.71%
accuracy in LlaMa.

4 WILL SYSTEM DESIGN
In this section, we explore various techniques that WiLL uses to
adapt LLMs to the specific domain of FCC regulations, particularly
for question answering tasks.

4.1 Context-Based Learning
A key reason why LLMs perform poorly when presented with
domain-specific tasks correctly is because they lack correct con-
text. Expert-generated questions have a very specialized context of
wireless networks and off-the-shelf LLMs need this contextual in-
formation to perform well on such queries. Context-based learning
or Retrieval Augmented Generation [19] has emerged as a useful
tool in improving the performance of LLMs in specialized domains.
In such systems, the user query is appended with appropriate "con-
text" that biases the model towards looking for answers in the
specialized domain rather than providing general answers, thus
improving performance. However, this requires a grand corpus of
data that encapsulates all the specialized information possible. For
WiLL this corpus is the FCC regulations[5].

The flowchart shown in Figure 2 demonstrates a typical RAG
pipeline. First, the data corpus is embedded into a mathematical vec-
tor database in the offline phase. This is done by breaking down the
corpus into chunks of text and providing each chunk as input to an
embedding model. This embedding model outputs a mathematical
vector corresponding to each chunk, which when combined over
all chunks of the corpus, creates a vector database. In our system,
for a given user query, rather than inputting the query into an
LLM, we modify the query by augmenting it with some specialized
information known as "context". The context is generated with the
help of the corpus database. The user query is transformed into a
mathematical vector using the same embedding model that was
used in the offline phase, and a similarity approximation algorithm
(called a Retriever) is used to extract vectors from the database that
have the most similarity to the user query vector. These vectors
now serve as a context for the user query. We append this context
to the original user query to generate an augmented query, which is
the new input to the off-the-shelf LLM. The addition of specialized
context to the user query significantly improves the ability of the
LLM in generating correct and comprehensive responses.

We observe that even after appending specialized context to the
user query, the LLM’s response still has errors. Adding context
helps to resolve mathematical computation errors, but the LLM
still provides incomplete "Section" information. After further anal-
ysis, we discovered that the performance of the RAG approach
greatly depends on the accuracy of the context being generated,
since the model prioritizes the context information to generate its
own response. If there are errors in the context, the LLM model
can perform even worse than the non-context learning based ap-
proaches. We observed that WiLL was not generating accurate
context information due to inefficient chunking of the data corpus,
which resulted in errors. To mitigate this, we explore improvements
in the chunking technique, detailed in Sec. 4.2.

3

87



Atul Bansal, Veronica Muriga, Jason Li, Lucy Duan and Swarun Kumar

Figure 2: Overview of the context learning process

Figure 3: Illustration of hierarchical chunking.

4.2 Intelligent Chunking
The FCC regulation handbook is highly hierarchical, with multiple
sections for various classes of applications. These sections are fur-
ther divided into subsections, with each subsection talking about
different frequency bands, specific application cases etc. This has
been done to enable a wireless expert to parse through these regu-
lations in an effective manner – similar to humans using an Index
of a document to quickly parse through and extract the required
information.

Using fixed-size chunking methods to chunk the FCC regulations
document which is structured in a hierarchical manner can result
in overlapping or missing contexts between different sections. This
leads to inaccurate inference on the part of the reader model, since
the context it receives will include relevant sections incorrectly
bundled together with irrelevant sections in a single chunk, de-
creasing the model’s semantic comprehension accuracy. To address
this problem, WiLL develops a novel chunking strategy that em-
ulates human-like parsing techniques in our pipeline to generate
chunks that maintain the hierarchical structure of the document, as
illustrated in Fig. 3. Specifically, we consider section and subsection
partitions while creating chunks, by designing the chunking algo-
rithm to be sensitive to textual indicators of partitions, such as new

lines and section labels. This simple consideration in the very first
step of the pipeline, where we partition the knowledge base, has
dramatic consequences on downstream performance. Fig. 1 shows
an example of WiLL’s performance with intelligent chunking.

5 EVALUATION
In this section, we evaluate WiLL’s performance on the question-
answer dataset compiled for testing. This dataset contains a set of
sixty question/answer pairs with each question describing various
properties of a wireless transmitter such as maximum transmit
power, bandwidth, antenna gain, operating frequency etc. and the
corresponding answer mentions if the transmitter comply with
FCC regulations. This set of question/answer pairs was generated
by a human expert in wireless system design who manually went
through FCC regulations to infer if the described wireless transmit-
ter adheres to it. The questions spanned over four major wireless
technologies - WiFi, Bluetooth, UWB and LoRaWAN. The dataset
with the corresponding question/answer pairs is publicly avail-
able in this Github repo - https://github.com/Jasonic121/WiLL. Fur-
thermore, we also analyze how WiLL’s performance responds to
changing various parameters in the pipeline in this section.

5.1 WiLL’s Accuracy
We evaluate WiLL against other state-of-the-art reader models such
as GPT-4, ChatGPT, LLaMa etc. We develop WiLL using the Intel-
ligent chunking method to perform chunking, text-embedding
-ada-002 as our embedding model and cosine similarity as our
similarity metric to extract the top 8 most similar chunks as our
context to the GPT4 reader model. We observe that WiLL provides
an accuracy of 78.57% as compared to 46.42% accuracy of ChatGPT,
35.71% accuracy of LLaMa and 73.2% accuracy of GPT-4, as shown in
Table 1. Finetuned GPT-4 performed even worse than off-the-shelf
GPT-4 with only 51.79% accuracy. This is because we developed
WiLL with only a small dataset, while finetuning requires a large
dataset for effective training, and compiling that size of dataset
would require manual and time-consuming labor.
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Technique Parameter Tested Accuracy

Chunking Intelligent/hierarchy-based 78.57%
RecursiveCharacterTextSplitter 62.50%
SlidingWindow 62.50%

Table 2: Performance of the reader model with intelligent
chunking vs. naive chunking techniques.

Technique Parameter Tested Accuracy

Similarity function
Cosine 78.57%
Dot Product 76.79%
Euclidean 71.43%

Embedding model
text-embedding-ada-002 78.57%
text-embedding-large 73.21%
text-embedding-small 67.86%

Reader Model
GPT-4 78.57%
LlaMa 71.43%
GPT-3.5 64.29%
Finetuned GPT-4 51.79%

Table 3: Results of varying the similarity function and em-
bedding techniques with intelligent chunking

5.2 WiLL’s Intelligent Chunking
To demonstrate the advantages of hierarchy-based intelligent chunk-
ing over other chunking methods, we develop variations of WiLL
with different chunking. RecursiveCharacter and SlidingWindow
are two examples of naive chunking algorithms. RecursiveChar-
acter works by detecting markdown separators and splitting the
document according to these delimiters. Where no markdown de-
limiters are observed, a maximum chunk size typically of 1024
characters is defined, after which a new chunk is automatically set.
SlidingWindow works by defining fixed chunk sizes, typically of
1000 characters, and defining a stride of 250 characters. SlidingWin-
dow is even more naive than RecursiveCharacter, since this method
does not take into account markdown delimiters. Table 2 shows
how WiLL outperforms both of the other chunking methods by a
16% margin.

5.3 Embedding
We also evaluate how different embedding models affect the perfor-
mance of WiLL. We evaluate three models, text-embedding-ada
-002, text-embedding-small , and text-embedding-large, and
present the results in Table 3. Though text-embedding-small is
one of the newer and more efficient embedding models offered by
the OpenAI platform, we find that it is outperformed by the other
models we test against. The text-embedding-large model shows
a wider distribution of magnitudes, with more vectors having larger
magnitudes. The text-embedding-ada-002 model displays a nar-
rower, more concentrated distribution of magnitudes, indicating
that the relative directions of the vectors are more important than
their magnitudes for capturing semantic relationships [7]. There-
fore we find that text-embedding-ada-002 is the ideal embedding
model for our use case.

k-value 5 6 7 8 9 10 11 12
Accuracy(%) 62.50 69.64 69.64 78.57 73.21 69.64 75.00 73.21

Table 4: Accuracy of the reader model with different 𝑘 values.

5.4 Similarity function
We evaluate the ability of different similarity approximation al-
gorithms in comparing the embedding of the user query against
embeddings of the chunks of the FCC knowledge base in Table 3.
Specifically, we test cosine, euclidian and dot product algorithms,
and find that cosine similarity works best for our use case. Given
that dot product similarity quantifies differences in both angle and
magnitude of vectors, while cosine similarity only considers the
angle between vectors, this implies that angle magnitude is a more
significant parameter in comparing text embeddings for informa-
tion retrieval [7].

5.5 Amount of Context
WiLL generates its context by extracting the top 8 closest vectors
to the user query from the vector database. We evaluate how the
number of extracted vectors (𝑘 in our case) affect the performance
of WiLL in Table 4. We observe that as we increase the value of 𝑘 ,
the accuracy of WiLL increases with accuracy starting from 62.50%
at 𝑘 = 5, hitting a maximum of 78.57% at 𝑘 = 8, and then reducing to
73.21% at 𝑘 = 12. This experiment demonstrates a tradeoff between
the accuracy of the resulting model and the amount of context we
append to the query. If the value of 𝑘 is set to a large value, the
model is presented with a large number of contextual vectors, some
of which may not be relevant to the user query, explaining the
lower accuracy observed for higher 𝑘 values. In contrast, if the 𝑘
value is too small, the embedding model may miss out on the crucial
context needed to infer a correct answer. It is therefore important
to select the value of 𝑘 carefully to ensure optimal context-based
learning.

6 DISCUSSION AND FUTUREWORK
In this section, we will discuss how WiLL can be generalized

to other technologies, using multimodal inputs for WiLL and our
dataset limitations.

6.1 Generalizing WiLL
Extension to other technologies.We acknowledge that cur-

rently, WiLL only supports queries about the compliance of wireless
technologies such as WiFi, Bluetooth, UWB, LoRa etc. with FCC
regulations. However, FCC regulations encapsulate the complicance
of a large number of other wireless technologies and applications.
These include cellular, NFC, RFID, DVB-T technologies along with
various satellite frequency bands, military bands, amateur radio
bands, emergency communication bands etc. WiLL can be extended
to work with these technologies by including the corresponding
FCC regulations in the corpus using our hierarchical chunking
method. Furthermore, apart from FCC regulations which are the
general set of regulations every technology has to comply, there
are technology-specific documents that also need to be adhered to
while developing a wireless system. These include 3GPP protocols
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for cellular technologies, 802.11 protocols for WLAN technologies,
SIG protocols for Bluetooth technologies etc. These documents
also have a hierarchical structure similar to FCC documents, thus
enabling WiLL to possess knowledge about a wide variety of net-
working protocols.

Incorporating multimodal input. Currently, WiLL only sup-
ports text-based queries on FCC compliance. However, various
properties of wireless transmitters such as frequency response, re-
turn loss ratio, clock oscillator properties are represented in the
form of a plot or a graph dependent on other transmitter properties
such as frequency, temperature, time etc. Thus, a text-only based
FCC compliance system would be very limited in its capability.
We envision that advances in multimodal LLM’s could be applied
to expand WiLL’s ability to learn from pictures, graphs and even
PDF files of hardware datasheets. There has already been much
work done in the field of multimodal LLM’s such as in GPT-4v that
leverages modality encoders to process photo or video input into a
compact representation, and a modality interface to align different
data representations [29, 30]. Implementing these expansions in
WiLL’s pipeline would make it possible for pictures, graphs and PDF
files to be included in the intelligent chunking process illustrated
in Figure 2. We leave this to future work.

6.2 Dataset-Related Challenges
The performance of WiLL is limited by the size of the dataset

used. Given that the knowledge base for WiLL is highly specialized,
a subject matter expert is required to manually compile question-
answer pairs to generate the dataset. This manual effort is time-
consuming and limits the number of generated question-answer
pairs to only sixty. Due to this, we could not exploit various op-
timization techniques used in LLM domains such as fine-tuning
to achieve better accuracy. These optimization techniques require
a sizably large and diverse dataset for any meaningful improve-
ment in accuracy to be observed. A dedicated large database with
question-answer queries comprising a wide variety of scenarios,
technologies and applications would significantly improve WiLL. A
possible way to increase the size of the data set would be to leverage
synthetic data to automate the generation of these question-answer
pairs, as shown in [15]. There also exists some previous work that
generates synthetic databases using LLMs[23].

7 CONCLUSION
To conclude, we present WiLL, a system designed on top of a

context-based learning approach for Large Language Models. We
develop a novel chunking strategy to ensure accurate context is
appended to the user query. We achieve an accuracy of 78.57% in an-
swering the specialized user queries compared to an average 51.77%
accuracy achieved by the state-of-the-art LLMmodels. In the future,
we will explore expanding on WiLL’s dataset of question-answer
pairs to improve system accuracy. We will also study generalizing
WiLL to other radio technologies as well as technology/standard-
specific policies beyond spectrum policy.
Acknowledgments: We thank NSF (2114733, 2030154, 2106921,
2007786), the ONR and Cylab Enterprise for supporting this project.
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