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Abstract -

Efficient road maintenance is vital for long-lasting and
safe transportation networks, but traditional methods that
rely on manual inspection are labour-intensive and error-
prone. The integration of Natural Language Processing
(NLP) and Large Language Models (LLMs) presents a trans-
formative solution for automating text-based tasks in road
maintenance. This study investigates the application of
LLM-based text classification models to process unstruc-
tured textual data from road maintenance logs, with a focus
on resource-constrained scenarios characterised by limited
labelled datasets. Two primary approaches were evaluated:
traditional fine-tuning and few-shot learning. Using a public
dataset from New York City roadwork inspections contain-
ing 83 distinct classes, we performed extensive model com-
parisons. Pre-trained transformer models Llama and BERT
were fine-tuned to achieve baseline performance. Addition-
ally, a few-shot learning method, SetFit, was employed to
address data scarcity through efficient task adaptation using
minimal labelled examples. Results showed SetFit outper-
formed fine-tuning in low-resource scenarios, achieving high
accuracy and F1 scores with as few as 1-10 examples per
class, reducing annotation efforts. This highlights the poten-
tial of few-shot learning for real-world deployment. Future
work will address scalability, multimodal data fusion, and
integration into predictive maintenance.
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1 Introduction

Effective road maintenance is essential for the safety,
reliability and longevity of transportation networks. How-
ever, increasing traffic volumes and ageing infrastructures
present challenges, such as identifying deteriorating as-
sets, ensuring timely intervention, and optimising resource
allocation. Inspection logs provide valuable information
on road maintenance. However, manually analysing an
enormous volume of inspection reports is labour-intensive,
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time-consuming, and error-prone [1, 2]. These issues are
further amplified in a resource-constrained setting where
funding and manpower are limited [3].

The advent of artificial intelligence (AI) and natural lan-
guage processing (NLP) offers the potential for automating
road maintenance tasks like analysing inspection data, pri-
oritising repairs, and generating insights [4]. Transformer-
based models like BERT and GPT have become state-of-
the-art for text processing [5], yet their application in road
maintenance remains underexplored, especially in low-
resource settings with limited labelled data.

This paper aims to bridge this gap by systematically
evaluating the use of transformer-based text classifiers in
road maintenance applications, particularly in resource-
constrained settings. Specifically, the study focuses on:

1. Comparative Analysis: Evaluating the performance
of traditional fine-tuning approaches across various
pre-trained transformer model architectures and sizes,
highlighting their effectiveness in processing road
maintenance-related textual data.

2. Few-Shot Learning: Assessing the capability of ded-
icated few-shot models to deliver robust performance
with minimal labelled data, catering to the constraints
of limited resources often encountered.

The paper is structured as follows: Section 1 introduces
the topic, followed by background in Section 2. Section 3
outlines the methodology, while Section 4 discusses the
findings, limitations, and future research directions. Fi-
nally, Section 5 presents the conclusions.

2 Background

2.1 Challenges in Leveraging Text Data for Road
Maintenance

Malihi et al. [6] emphasise the untapped potential of
textual records such as inspection and maintenance reports
in road maintenance, noting that their unstructured and in-
consistent nature limits their utilisation. Unlike numerical
or sensor data, text is inherently diverse in format, struc-
ture, and terminology. Inspection reports, for example,
may describe similar issues in varied ways depending on


mailto:varunreja7@gmail.com

42nd International Symposium on Automation and Robotics in Construction (ISARC 2025)

the inspector’s language and style. This lack of standardis-
ation makes it difficult to extract consistent and actionable
insights. Another challenge is the volume of data gener-
ated across extensive road networks. Maintenance opera-
tions often produce large quantities of text data over time,
including daily logs, contractor reports, and communica-
tions. Manually sifting through this information to identify
critical issues is time-consuming and prone to human er-
ror. The ambiguity and context-dependence of language
further complicate the processing of text data. Terms like
“minor crack” or “urgent repair”’ may vary in meaning de-
pending on the context, location, or maintenance standard,
leading to inconsistent interpretation. Similarly, implicit
details, such as the severity of a reported defect, may not be
readily apparent without supplementary information [5].

Additionally, there is a lack of annotated datasets spe-
cific to road maintenance applications. Developing effec-
tive machine learning models often requires large, labelled
datasets to train algorithms. In road maintenance, creat-
ing such datasets is challenging due to the domain-specific
nature of the text and the expertise required to accurately
label data. This echoes [7], which raised concerns about
the lack of annotated and high-quality data in the Archi-
tecture, Engineering, and Construction (AEC) domain.

These challenges underscore the need for innovative
methods to efficiently classify, interpret, and utilise textual
data in road maintenance.

2.2 NLP as an Opportunity in Road Maintenance

NLP, a field that enabling machines to comprehend natu-
ral language, is transformative for extracting insights from
unstructured maintenance data like logs and inspection re-
ports. Machine learning models can identify patterns in
defect descriptions and prioritise tasks based on urgency.
Advanced transformer-based NLP architectures like LLMs
excel in handling language’s contextual nuances. Khalil
et al. [4] highlight the significant advancements of LLMs,
such as GPT-3, in reasoning tasks, further enhanced by
techniques like "Chain of Thought" prompting. In con-
struction, [8] designed an automated system for construc-
tion specification review using NLP techniques such as
named entity recognition (NER) with Bi-LSTM and docu-
ment embedding through Doc2Vec to streamline processes
and improve construction risk management. Recognising
the difficulty in many AEC applications in collecting suf-
ficient training data, [9] proposed a few-shot NER model
for information extraction from bridge inspection texts.

2.3 LLM-Based Text Classification Approaches

LLMs have extensive capabilities in classifying texts
due to their ability to accurately encode sentences [10].
They use the transformer architecture [11], a neural net-
work leveraging the attention mechanism [12] to model de-

pendency, to process long inputs at once without loss of in-
formation as is the case with recursion in approaches such
as Recurrent Neural Network. LLMs utilise pre-trained
models that possess task-agnostic knowledge through
training on vast amounts of general text, akin to read-
ing a million books. To adapt LLMs for downstream tasks
such as text classification, architecture-specific fine-tuning
using a task-specific dataset is performed. The following
sections elaborate on different architectures and their as-
sociated fine-tuning techniques.

2.3.1 Traditionally Fine-tuned Models

The most common LLM-based text classifier, shown in
Figure 1, appends a small task-specific classification head
to produce class probabilities or logits. It typically consists
of an uninitialised fully connected layer with neurons equal
to the number of classes. Pre-trained models vary in size:
smaller models ( 100M parameters), often termed Pre-
trained Language Models (e.g., BERT), and larger models
(7B+ parameters), such as Llama. For instance, BERT
was pre-trained on 800M words from BooksCorpus and
2,500M words from English Wikipedia [13]. In this work,
both 100M and 7B models are referred to as LLMs. Fine-
tuning adapts the classifier to a specific task by updating
pre-trained model parameters and initialising the classi-
fication head in a single step, using a cross-entropy loss
function on model output logits.

Traditional Text |Class Prediction [n]
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Figure 1. Architecture of a traditional transformer-
based text classifier.

2.3.2 Few-shot Learning - SetFit

Few-shot learning refers to adapting models to a task
using only a small number of examples (or shots). This
is particularly useful for resource-constrained applications
where large-scale annotated data is unavailable. A popular
transformer-based few-shot learning technique is Sentence
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Transformer Fine-Tuning (SetFit) [14].The classifier em-
beds text using Sentence-BERT (SBERT), a BERT vari-
ant pre-trained on pairwise similarity tasks, and adds a
lightweight classification head to generate class scores.
This setup produces semantically rich embeddings suited
for classification.

SetFit is fine-tuned in a two-step process. First, the
SBERT encoder is fine-tuned to produce accurate embed-
dings through contrastive learning by providing a pair of
texts and training the model to determine whether they
belong to the same class. This is followed by training
the entire model (SBERT plus the classification head) to
perform the classification task through cross-entropy. The
contrastive learning adopted in the embedding training
step is what allows SetFit to be data efficient in that it can
train the model to explicitly separate the embeddings of
texts from different classes.

The literature highlights the potential of NLP and LLMs
in extracting insights from road maintenance texts, yet
challenges remain due to unstructured data, inconsistency,
and limited annotated datasets. While LLMs and few-
shot learning methods like SetFit show promise, their ap-
plication to domain-specific classification and automated
maintenance prioritization is underexplored. This study
addresses these gaps by evaluating LL.M-based classifica-
tion approaches for structured information extraction.

3 Research Methodology
3.1 Dataset

A public dataset on roadwork inspection comments was
used to validate the proposed approach. It is the “Street
Construction Inspections and Corrective Action Requests”
from the New York City (NYC) Open Data [15], whichis a
collection of inspection comments on roadwork performed
by non-governmental third parties that record instances of
road code violations. Examples of inspection comments
and their associated violated road code are listed in Table 1.
From the dataset, the free text inspection comments come
from the “DetailsofViolation” column and the associated
violated road codes from “NOVCodeDescription”.

The dataset underwent a series of cleaning processes
and random subsampling to create few-shot datasets that
can simulate data constraints. Figure 2 shows the steps
taken to generate the datasets used in this work.

The raw dataset was first cleaned, starting by inspecting
for irregularities. It was found that there were road codes
that contained duplicate meanings that essentially refer to
the same sets of violations. Table 2 outlines such exam-
ples that were manually merged. Following this, codes
with fewer than 100 examples were excluded to ensure
sufficient testing examples for representative conclusions
to be drawn. This resulting dataset has a total of 400,000
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Figure 2. Illustration of the data preparation process
for an n-shot dataset. (*further experiments with
smaller models were performed using more datasets
per shot and more testing examples per dataset.)

texts that belong to 83 classes.

The full, cleaned dataset was then randomly subsampled
to form few-shot datasets. Training datasets were gener-
ated by subsampling 1, 2, 3, 4, 5, and 10 examples per
class (shots), each shot was subsampled from all available
data three times to create three statistically independent
draws which helps mitigate the instability that can occur
with small training datasets [14]. Each Training datasets
is coupled with a corresponding Validation dataset and
Testing dataset. Validation datasets were subsampled for
roughly 1/3 of the shot to maintain the ratio of training
to validation data common in standard machine learning
datasets (minimum of 1 example per class), while the re-
maining unsampled data were used as a potential testing
pool. For Testing datasets, 15,000 examples were subsam-
pled (similar order of magnitude to relevant works [8]) to
reduce computational costs, particularly for models with
7 billion parameters.

Note that to assess the impact of these subsampling op-
erations, a further set of experiments were conducted with
only smaller 100 million parameters models: First, few-
shot scenarios used the full remaining unsampled testing
pool (as opposed to 15,000) and ten individual datasets
per shot (as opposed to three). Second, an all-data train-
ing scenario was introduced using the full dataset with an
8/1/1 split for the training, validation, and testing sets.

3.2 Simulated Task

The task simulated in this case study involves training
a transformer-based text classifier using limited data to
classify roadwork inspection comments into the violated
road code. Each inspection comment records the details of
an instance of a code violation, which in this dataset, can
belong to one of 83 road codes. The simulated task high-
lights two key challenges: limited training examples and
a large number of classes, reflecting a complex technical
text classification scenario.
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Table 1. Examples of pairs of free text comments describing instances of code violation (textual inputs) and static

code descriptions (class descriptions)

Free Text Inspection Comments

Associated Road Code Violated

A/TTP/OTobserved that the respondent has failed to remove the ramping material
from the roadway after the completion of the final restoration or prior to the
expiration of the permit as per subsection (vii). Respondent was notified to fix

this condition via CAR [#20184520373] issued on 12/31/18.

Respondent failed to display required signs at work site with permit number,work
type, start date ,completion date.No one on site at time of inspection. If not

admitting the charge, you MUST APPEAR IN PERSON.

A/T/P/O T observed respondent identified by "BIC 3179" markings on Commer-
cial Refuse Container, having a container in the roadway without any visible

Failure to remove plating and decking after
final restoration and prior to DOT permit
expiration.

Identifying signs improperly displayed or
missing

Commercial refuse container without proper
reflective markings on all four sides

reflective markings capable of producing illumination or warning glow when

struck by vehicle headlamps. No one onsite.

Table 2. Examples of road codes with duplicating definitions.

Code T Code 2

Reason for duplication

Commercial refuse container/debris ob-
structing sidewalks, gutters, crosswalks
or driveway

Failure to post aSteel Plates Aheada or
aRaise Plowa sign; failure to counter-
sink plates flush with roadway

Commercial refuse container/debris ob-
structing sidewalks, gutters, crosswalks,
bike lanes or driveway

Failure to post “Steel Plates Ahead” or
“Raise Plow” sign; failure to counter-
sink plates flush with roadway

Semantically identical: Code T is strictly
contained within code 2

Character encoding error: The “4” is a re-
sult of a character encoding error originating
from the publisher

Limited data refers to training models with a small num-
ber of violation examples per road code (number of shots
n). Various ns were experimented with to simulate dif-
ferent levels of data constraints. 10 was selected as the
maximum, considering that it would amount to 830 total
examples with 83 classes, which can already be difficult to
replicate in many resource-limited real-world engineering
applications. This will provide insight into how well dif-
ferent models perform under different data availabilities.

A unique characteristic of the employed dataset is the
large number of classes. Using natural language to infer
one of 83 road codes that are being violated can be chal-
lenging due to the complexity of the classification task.
However, this is a common characteristic in many road
maintenance and AEC applications that are tightly regu-
lated and stringent. For example, the dataset used records
instances of road code violations which correspond to reg-
ulations on roadwork, having an impact on both safety for
road users and disruptions caused.

3.3 Models

The two types of transformer-based models outlined in
Section 2.3 were experimented with. Traditionally, fine-
tuned models represent standard transformer-based text
classifiers, which typically require a larger amount of train-
ing data to be performant, while SetFit is an example of a
technique that specialises in tasks where there is a limited
number of training data, like road maintenance.

Traditionally Fine-tuned For traditionally fine-
tuned models that were explored in Section 2.3.1, different
pre-trained models were experimented with, which have
different numbers of parameters. They mostly belong to
two groups: those with roughly 100 million parameters

Table 3. Pre-trained models used and their associated
training hyperparameters (search range in [ ])

Model Hyperparameters

No.  Learning rate Batch

params size
bert-base-uncased ITOM  4e-5(1c-6,1c-4] 16[432]
roberta-base 125M  2e-5(1c-6,1e-4] 16[4,32]
xInet-base-cased 110M  2e-5[1c-6,1e-4] 16[4,32)
Llama-2-7b-hf 6.74B 26'4[1e—3,le—5] 3
Meta-Llama-3-8B  8.03B 2e-4[1,-3,1c-5] 3
Mistral-7B-v0.1 7.24B 26-4[16_3,18_51 3

and 7 billion parameters. Table 3 lists the pre-trained mod-
els used as traditionally fine-tuned text classifiers along
with hyperparameters that affect model weights updates
and convergence. The 100 million parameters model was
the three best-performing models of this size in a compar-
ison study [16], and they can be run on a wider range of
hardware (tested with an M1 MacBook Pro with 32GB of
unified memory). The 7 billion models are also widely
quoted in literature [17][18] and exhibit high performance
at the expense of requiring much more computational
power, including GPU and VRAM.

Few-shot Additionally, SetFit, a transformer-based
few-shot technique discussed in Section 2.3.2, was also
experimented with to evaluate performance improvements
in a low-resource workflow brought by dedicated few-
shot techniques. The experimental design was modeled
after the methodology described in the study by [14],
with the 300 million parameter paraphrase-multilingual-
mpnet-base-v2 used as the pre-trained SBERT model and
hyperparameters affecting model weights updates and con-
vergence for the two training phases [14] listed in Table 4.
SetFit has not been focused on in works relating to clas-
sifying AEC texts such as road inspection comments, and
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its performance can be validated against more traditional
techniques in various data-constrained settings.

Table 4. SetFit training hyperparameters for the two
fine-tuning stages [14]. The first value corresponds
to the SBERT encoder, and the second to the clas-
sification head. During the Embedding phase, no
classification head is involved (N/A).

Hyperparameters Embe ﬁﬂleg tun(lﬂgssi fer
Learning rate 2e-5, N/A Te-3, Te-2
Batch size 16, N/A 16, 2
No. epochs 1, N/A 1,16

3.4 Implementation Details

The models in this study were trained using the Trans-
formers and SetFit libraries on an RTX 4080 (16GB
VRAM). Hyperparameters were selected on validation set
performance. Training lasted up to 20 epochs with the best
model being chosen automatically on validation results.

3.5 Metrics

Accuracy and f1 score are the reported metrics in this
study and are defined by the following equations:

tp+1tn N
accuracy =

Y tp+tn+ fp+ fn
Fl=2x% precision X recall @)

precision +recall

Accuracy values reported are micro-averaged, meaning
that it assigns equal importance to each testing example. It
is the overall number of correct classifications over all clas-
sifications. f1 values reported are macro-averaged, where
equal importance is assigned to each class, meaning that
performances in underrepresented classes in testing ex-
amples are taken into account in the overall metric values,
which is useful in class imbalanced applications.

4 Results and Discussion

This section outlines the key results. Table 5 lists av-
eraged accuracy and f1 values of all evaluated models
for each few-shot scenario tested, including 100M and 7B
traditionally fine-tuned models and SetFit.

4.1 SetFit Outperforms all Traditionally Fine-tuned
Models

Classification performance is critical in road mainte-
nance as errors can compromise safety and reliability. For
instance, misclassifying "Identifying signs improperly dis-
played or missing" can lead to possible accidents due to
the lack of warning for works. As a classifier specif-
ically designed for resource-constrained settings, SetFit
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outperformed all traditionally fine-tuned and structured
transformer-based classifiers in every few-shot scenario.
In a 10-shot setting, SetFit achieved an f'1 score of 0.539
and an accuracy of almost 70%, while the best traditionally
fine-tuned model attained an f'1 of 0.524 and an accuracy
of 66%, respectively. This trend becomes more apparent as
the number of shots is reduced. At a 1-shot setting, SetFit
outperformed the best performing traditionally-fine-tuned
model by more than 3 times in terms of f1 score, achiev-
ing 0.232 vs 0.074 with just 1 violation example per road
code. Figure 3 plots the results of SetFit against three 7B
models. Despite utilising 20 times more parameters, the
7B traditionally fine-tuned models were not able to outper-
form SetFit. This signifies that computationally efficient
models can outperform state-of-the-art text classifiers in a
resource-constraint domain-specific setting if they are ef-
fectively used, such as the case of SetFit. The contrastive
learning stage of SetFit allows the text encoder to effec-
tively distinguish between classes, making efficient use of
model parameters. This demonstrates that the use of Set-
Fit in a resource constrained setting in road maintenance
is more suitable than traditionally fine-tuned techniques.

0.8

Llama2 (f1)

Llama2 (accuracy)
Llama3 (f1)

B Llama3 (accuracy)
0.7/ WM Mistral (fl) BB Mistral (accuracy)
: SetFit (1) SetFit (accuracy)

0.6 I
0.5

0.4
0.
0.

W

0N

0

—_

shot (examples / class)

Figure 3. Accuracy and f1 scores for 7 billion pa-
rameter traditional models and SetFit.
4.2 Model Sizes Have Little Impact on Few-Shot Per-
formance

Looking at the results for traditionally fine-tuned models
with 100M and 7B parameters, the model’s performances
do not correlate with size. For instance, by looking at
metric values in Table 5, the 100M bert-base-uncased
model outperformed all 7B models in a 10-shot setting.

This observation indicates that increasing the number
of parameters in traditionally fine-tuned models will likely
not bridge the gap in performance with SetFit. This can be
due to the use of SBERT in SetFit, where the pre-training
objective focusing on semantic similarity can potentially
better capture the semantics of the inspection comments
than the objectives of other models, such as text generation.
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Table 5. F1 and accuracy results for all tested models. Testing results per shot were calculated with three

independent subsampled datasets on a total of 15,000 testing examples.

L0OM Traditionally Fine-Tuned B Few-Shot
ShOlS  pERT ROBERTa XLNet Llama2 Llama3 Mistral cU
fT scores
1 0.031 0.053 0.049  0.056 0.072 0.074 0.232
2 0.107 0.143 0.097 0.114 0.160 0.137 0.357
3 0.195 0.183 0.143 0.186 0.254 0.203 0.405
4 0.288 0.265 0.146  0.281 0.339 0.269 0.430
5 0.372 0.303 0.231 0.311 0.365 0.340 0.475
10 0.524 0452 0.432 467 0.501 0.464 0.539
accuracy scores
1 0.041 0.067 0.078  0.066 0.115 0.105 0.291
2 0.147 0.174 0.120  0.148 0.204 0.177 0.449
3 0.262 0.227 0.161 0.228 0.355 0.260 0.539
4 0.347 0.344 0.186  0.372 0.446 0.349 0.582
5 0.502 0.397 0.294  0.386 0.469 0.419 0.617
10 0.660 0.589 0.556  0.596 0.650 0.581 0.690

Table 6. Additional accuracy and f1 results for all tested 100M models and SetFit. Testing results per shot were

calculated with ten independent subsampled datasets on all available testing data.

Traditionally Fine-tuned Few-Shot
Shots BERT RoBERTa XLNet SetFit
acc. fl acc. fl acc. fl acc. fl

2 0.150 0.123 0.195 0.162 0.124 0.108 0.443 0.373

3 0.249 0.199 0.260 0.211 0.163 0.140 0.525 0.434

4 0.345 0.285 0.331 0.270 0.217 0.177 0.576 0.470

5 0.445 0.359 0.410 0.326 0.292 0.240 0.619 0.508

10 0.673 0.552 0.600 0.489 0.547 0.442 0.691 0.579

Training over all available data

all 0.954 0.899 0.951 0.890 0.952 0.893 N/A N/A

4.3 Subsampling Testing Data Did Not Impact Ob-
servations 08
' Toperbase (i (D) Pohenabase Gecnacy) )
Due to the need to generate few-shot samples and to 0.7 Hetbasc-cased (1) B Klnet base-cased (acciracy)
account for computational constraints, the above experi- 06
ments were performed with subsampling steps. To ver-
ify the observations above and to assess the impact these 0 I
subsampling operations have, further experimentation was 0.4
performed by using both a higher number of independent 03
datasets per shot (10 up from 3) and by eliminating sub- '
sampling for testing data to utilise all available testing 02
examples (up from 15,000). Results for these experiments ol
are listed in Table 6, which includes all 100M traditionally r [
0.0 | 3 3

fine-tuned models and SetFit.

Figure 4 visualises the accuracy and f1 values for this
additional set of experiments. The same observation as
the prior sections remains valid in that SetFit outperforms
all other traditionally fine-tuned models. Despite having a
general shift in metric values from having a different set of
samples, the relative performance has remained consistent.

4.4 Absolute Performance Low in Extremely Con-
strained Settings

It is important to note that the absolute performance
of all models tested remains moderate in few-shot set-
tings. This is especially apparent given model perfor-

4 5 10
shot (examples / class)

Figure 4. Accuracy and f1 scores in different few-
shot settings for 100 million parameter traditional
models and SetFit.

mances when all data are available (~300,000), where all

100M traditionally fine-tuned models achieved accuracy
scores of above 95% and f1 of around 0.9. When given
only 10 examples per class, the best performing model
(bert — base — uncased) only retained around 60% of its
all-data f'1 score.

In AEC applications like road maintenance, the toler-
ance for error is low as tasks often require strict adherence
to codes and regulations. For instance, the road inspec-
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Table 7. Road codes attaining the highest and lowest
classwise f'1 scores for a 10-shot SetFit.

Road Code C Classwise f1
Highest
Failure to use plating and/or decking that ~ 0.962
is skid-resistant in its entirety on road-
way
Failure to begin emergency work within ~ 0.946
2 hours after authorisation
Construction material/equipment with-  0.942
out proper reflective markings
Lowest
Failure to restore in kind any parking or  0.085
regulatory signs or supports
Failure to maintain a 5-foot pedestrian  0.076
walkway on sidewalk
Failure to obtain permit for temporary  0.058

roadway pavement markings changes
tion text classification task in this work involves road codes
from roadwork licenses which have important implications
for safety and disruption mitigation. By only attaining
moderate values in few-shot settings, merely using tradi-
tionally fine-tuned models, even state-of-the-art LLMs, is
not sufficient. Specialised few-shot techniques appear to
be a better choice in resource-constrained settings even in
a technical many-class application like road maintenance.

4.5 Classwise Performance Imbalance

There is a wide variation in the performance on each
of the 83 classes. Figure 5 shows the histogram of the
f1 scores for individual classes for a SetFit model trained
with 10 examples per road code. There is a relatively high
standard deviation across classes of 0.262, considering
values are bounded between 0 and 1. Most classes exhibit
moderately high f1 scores of around 0.75 or more, though
a few classes with very low scores of below 0.25.

—_
=3

v

Frequency of Classes

0.00 0.25

0.50
f1 scores

0.75 .00

Figure 5. Histogram of f1 scores of individual
classes for a 10-shot SetFit model.

Table 7 lists the three road codes with the highest and
lowest f1 scores. The top codes all have high scores of
around 0.95, whereas the bottom three have less than 0.1.
One potential reason for the latter is that some codes have
very specific definitions, such as requiring a "5-foot pedes-
trian walkway". In addition, there can be potential code
duplications, such as the codes Failure to obtain permit
for temporary roadway pavement markings changes and
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Failure to obtain DOT permit for any changes to, or in-
stallation of, temporary roadway pavement markings and
temporary construction, parking or regulatory signs and
supports, both of which cover very similar violation in-
stances. These can lead to inconsistently annotated data
that can both confuse the model during training and lead
to a drop in prediction metric values.

To inspect the model’s outputs, Table 8 provides ex-
amples of the predicted road code P for the inspection
comment 7 with ground truth label L. The first example
shows a correct classification where the model inferred that
the code Failure to properly place and ramp plating and
decking relates to examples with ramp elements. However,
the second example shows an example of when it fails to
infer this relationship for another code, possibly due to
the presence of unrelated information from the inspection
comments, such as instructions for charge admission.

5 Conclusions

Results indicate that dedicated few-shot techniques can
outperform traditionally fine-tuned LLMs when classi-
fying technical road maintenance texts in a resource-
constrained setting, in addition to requiring less training
data and computational resources than big LLMs with 7B
parameters. For example, in 1-shot, the few-shot model
SetFit outperformed the traditionally fine-tuned Llama3
by three times in f1. In particular, SBERT used in SetFit
appears to be a better pre-trained model choice than many
larger models not pre-trained on similarity-based tasks.

However, an unresolved issue of few-shot techniques is
that absolute performance is still moderate. With one ex-
ample per class, the accuracy is only 29%, though that
increases to 69% with ten. In road maintenance and many
tightly regulated AEC applications where reliability is cru-
cial, this can impact their practicality. For instance, in this
study on classifying inspection comments into roadwork
licensing codes, there are important safety and disruption
implications and necessitate high reliability. This prompts
the need to explore alternative, specialised techniques that
can tackle the domain-specific nature of the task in a more
accurate and data-efficient manner.
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Table 8. Classification examples for inspection comments using a 10-shot SetFit.

Inspection Comment Example T

Prediction of Violated Road
Code P

T observed respondent failed to spike/ fasten 2 steel

plates marked CWP at n/e/c of intersection to pre-
vent movement.

A/T/P/O 1 observed the above respondent failed to
repair a 17 gap within their transformer vault on

Failure to properly place
and ramp plating and deck-
ing )

Failure to repair defec-
tive street condition found

Correct Violated Road Outcome
Code L

Failure to properly place Correct
and ramp plating and deck-

ing

Failure to replace loose, Incorrect

slippery or broken util-

the sidewalk. respondent was previously notified to within] ) an ?lrea extendd ity maintenance hole (man-
correct this condition by via (CAR #20164060240) 1fng h mehes OutENaII; hole) covers, castings, and
on 8/11/16. If not admitting the charge, you MUST ~ fom /t e perimeter of the  iher street hardware
APPEAR IN PERSON. cover/grating
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