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Abstract
Slang is widespread in informal communica-
tion, yet its fluidity poses challenges for natural
language processing (NLP), especially when
words alternate between slang and non-slang
senses. While prior work has examined slang
through dictionaries, sentiment analysis, and
lexicon building, little attention has been given
to detecting slang usage in context. We ad-
dress this gap by re-framing slang detection
as distinguishing slang from non-slang senses
of the same lexical item. To support this task,
we introduce SlangTrack (ST), a diachronically
structured dataset of dual-meaning words an-
notated at the sentence level with high inter-
annotator agreement. We benchmark (1) deep
learning models with static and contextual em-
beddings, (2) transformer-based models, and
(3) large language models evaluated in zero-
shot, few-shot, and fine-tuned settings. Fine-
tuned transformers, especially BERT-large en-
riched with sentiment and emotion features,
achieve the strongest performance, reaching an
F1-score of 72% for slang and 92% for non-
slang usage. Our findings highlight both the
difficulty of contextual slang detection and the
value of affective cues for improving model
robustness.

1 Introduction

Disclaimer: This work includes offensive slang ex-
amples, which do not reflect the researchers’ views.

Slang is an informal linguistic phenomenon com-
prising words and phrases used within specific
groups (Dumas and Lighter, 1978; Adams, 2012;
Green, 2015; Sun et al., 2021). Although linguists
and computer scientists have developed many meth-
ods for semantic analysis, slang remains a per-
sistent challenge for natural language processing
(NLP) systems (Eisenstein, 2013; Blodgett et al.,
2016; Wuraola et al., 2024). It often encodes
emotions, attitudes, and social affiliation elements
that are crucial for interpreting meaning in con-
text (Sandow et al., 2024; Haber and Poesio, 2024).

Identifying slang is important for tracking se-
mantic change and improving NLP tasks (Adams,
2012; Sun et al., 2022; Keidar et al., 2022; Sun
et al., 2024). Many terms evolve rapidly, for exam-
ple, “cool” shifted from a literal descriptor to an
evaluative slang term (Coleman, 2012; Dhuliawala
et al., 2016). Accurate disambiguation of such
meanings is essential for applications like conver-
sational agents, machine translation, and sentiment
analysis, where figurative senses are often misinter-
preted.

Detecting slang is challenging because many
terms have multiple meanings depending on con-
text, often resulting in double entendres (Kiddon
and Brun, 2011). For example, “He’s a player on
Sundays” can refer to sports or manipulative roman-
tic behaviour, highlighting the need for contextual
disambiguation. Recent work in NLP has begun
to recognise the importance of informal and slang
language as meaningful phenomena for modern
language technologies. For example, benchmarks
and evaluation frameworks have been proposed to
measure models’ capabilities in processing slang
and other informal language forms using neural
methods (Sun et al., 2024; Pei et al., 2019). Stud-
ies of large language models also show that slang
remains challenging for foundational models and
serves as a useful probe of their linguistic knowl-
edge (Sun et al., 2024).

Despite these emerging efforts, slang detection
has received relatively limited attention in the
broader NLP community. Existing resources tend
to focus either on dictionary–text mismatches (Pei
et al., 2019) or on scripted conversational data such
as movie subtitles (Sun et al., 2024), and do not
address words that appear in both slang and literal
senses. We refer to these as dual-meaning words.

In this work, slang detection is framed as a
context-sensitive and pragmatic distinction be-
tween slang and non-slang usage of the same lex-
ical item, rather than a simple lexical lookup. Be-
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cause our analysis draws on both historical and con-
temporary corpora, it aligns with computational re-
search on semantic change (Hamilton et al., 2016;
Schlechtweg et al., 2020; Kutuzov et al., 2018;
Periti et al., 2024). Many slang senses emerge
as pragmatic extensions of earlier meanings, mak-
ing dual-meaning words a useful lens for studying
sense competition and semantic–pragmatic drift
over time (de Sá et al., 2024; Tahmasebi et al.,
2021). This framing is inspired by word sense dis-
ambiguation (WSD) research, without committing
to full sense-level modelling, and allows register-
level (slang vs. non-slang) annotations to be aligned
across corpora in a controlled manner.

This paper introduces a binary classification sys-
tem designed to determine whether a target word
occurrence is used in a slang or non-slang (stan-
dard) sense within its given textual instance. Our
primary research question is: Can algorithms re-
liably distinguish slang usage from non-slang us-
age at the instance level? For example, the word
“salty” can be used literally (“the soup is salty”) or
figuratively to express resentment (“she was salty
after losing”). We frame slang detection as an
instance-level (target-word–centered) classification
task, where each instance is annotated and evalu-
ated individually. Each instance corresponds to the
same textual input provided to both annotators and
models: a single tweet (which may contain multiple
sentences) in Twitter, or a paragraph-length context
in CCOHA. This framing provides a controlled and
comparable unit of analysis across corpora, while
allowing naturally occurring pragmatic and con-
textual cues to be captured within the textual span
itself. Our contributions include the following:

• SlangTrack, a new corpus annotated with
slang and non-slang labels at the instance
level, supporting binary classification of
target-word usage.

• Benchmarking a range of slang detection mod-
els, including: (1) basic neural classification
models, (2) fine-tuned transformer-based lan-
guage models (LMs), and (3) large language
models (LLMs) evaluated under fine-tuned,
zero-shot, and few-shot settings.

• An analysis of the role of sentiment and emo-
tion cues in distinguishing slang from non-
slang usage.

• An error analysis of misclassified instances
produced by the best-performing model.

2 Related work

2.1 Construction of Slang Dictionaries and
Sentiment Analysis

The development of resources for processing in-
formal language, particularly slang, has been cen-
tral in computational linguistics. Early efforts fo-
cused on constructing structured representations
of slang, such as SlangNet (Dhuliawala et al.,
2016), which integrates Urban Dictionary 1 entries
into a WordNet-style framework (Miller, 1995).
SlangSD (Wu et al., 2018) extends this line of work
by providing a continually updated sentiment lexi-
con for slang terms derived from large-scale web
and social media data. SLANGZY (Gupta et al.,
2019) further applies machine learning to dynami-
cally interpret slang and support downstream appli-
cations such as chatbots and social media analytics.
Although these resources expand lexical and sen-
timent coverage, they do not annotate contextual
usage or distinguish between non-slang and slang
senses of the same word, which is central to our
task.

2.2 Slang Word Creation and Interpretation
Research on slang detection and interpretation has
evolved alongside the growth of digital communica-
tion. Early studies constructed slang lexicons (Pal
and Saha, 2015), while later work employed neural
architectures such as BiLSTMs, CRFs, and MLPs
for classification (Pei et al., 2019). Beyond detec-
tion, sequence-to-sequence models have been used
to interpret non-standard English (Ni and Wang,
2017), and BiLSTM- and GRU-based systems have
shown strong performance in identifying domain-
specific slang (Lynn et al., 2019). More recently,
the OpenSub-Slang dataset (Sun et al., 2024) in-
troduced demographic, contextual, and historical
metadata for 7,488 slang-related sentences, en-
abling more nuanced modelling. Additional work
combining semantic and contextual cues (Sun et al.,
2022) has further advanced slang interpretation.

Recent developments in WSD are also relevant
to our task. Models such as GlossBERT (Huang
et al., 2019), EWISE (Kumar et al., 2019), and
EWISER (Bevilacqua and Navigli, 2020) demon-
strate the effectiveness of supervised context–gloss
methods for resolving semantic ambiguity. How-
ever, these approaches do not target slang senses
specifically or model the contrast between slang
and literal usage, which remains understudied.

1https://www.urbandictionary.com
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2.3 Research Gaps

Although prior work has advanced slang detec-
tion, it has generally treated slang as a broad cate-
gory rather than focusing on dual-meaning words.
For example, Pei et al. (2019) contrasts dictionary-
derived slang with formal news text, and Sun et al.
(2024) captures conversational slang using movie
subtitles. Other studies draw on Urban Dictio-
nary or focus on specific domains such as misog-
ynistic slang (Lynn et al., 2019). More recently,
the OpenSubtitles-Slang dataset introduced cross-
lingual mappings for slang terms, providing para-
phrases or equivalents in multiple languages (Sun
et al., 2024). However, in these resources, slang
and non-slang items originate from different cor-
pora, so the same lexical item is not annotated with
both slang and non-slang senses. As a result, the
task becomes identifying slang words as a category
rather than determining whether a familiar word is
used in a slang or a non-slang sense in context.

Our study addresses this gap by re-framing slang
detection as an instance-level contextual disam-
biguation problem. Instead of asking whether a
text contains slang expressions, we ask whether a
specific occurrence of a polysemous word is used
with a slang (socially marked/figurative) or non-
slang (literal/standard) meaning in context. This
perspective is inspired by word sense disambigua-
tion, but focuses on register-level distinctions, ex-
tending prior slang research to an underexplored
setting in which the same lexical item alternates
between slang and non-slang usage.

3 Problem Formulation

We frame slang detection as an instance-level clas-
sification task inspired by word sense disambigua-
tion, applied to polysemous dual-meaning words,
each with at least one slang and one non-slang
sense. Let w denote such a target word and s a
sentence containing w. Each instance is annotated
with a binary label indicating whether its sense in
context is slang or non-slang, and the task is to
assign the correct label y ∈ {slang, non-slang}
to each occurrence of w.

The word salty illustrates the range of senses
we consider: a literal taste meaning (“the soup is
salty”), slang for resentment (“he was salty after
losing”), slang for old or worn (“a salty jacket”),
slang for toughness (“a salty veteran”), slang for
vulgarity (“a salty bar”), and non-slang proper-
noun uses (“Salty is the name of their dog”). These

senses demonstrate how a single lexical item spans
multiple non-slang and slang sub-senses; in Slang-
Track, this variability is intentionally collapsed into
a binary decision, making contextual disambigua-
tion of socially marked (slang) versus non-slang
usage central to the task. This formulation priori-
tises register-level discrimination over fine-grained
sense distinctions.

4 Dataset

Existing resources for slang research face limita-
tions for binary slang classification and polysemy-
sensitive analysis. Dictionary-based resources such
as Urban Dictionary (Ni and Wang, 2017), the On-
line Slang Dictionary (OSD), 2 and Green’s Dictio-
nary of Slang (GDoS) (Adams, 2012) offer broad
lexical coverage but lack systematically annotated
non-slang counterparts and do not capture contex-
tual usage. Reddit glossaries (Lucy and Bamman,
2021) provide community-specific slang terms, but
remain at the glossary level rather than sentence
level.

Two datasets support binary slang classifica-
tion: Pei et al. (2019) and OpenSub-Slang (Sun
et al., 2024). Pei et al. combine dictionary-derived
slang with negative samples drawn heuristically
from news text, raising the risk of domain arte-
facts. OpenSub-Slang offers richer contextual in-
formation, including paraphrases and demographic
metadata, but its reliance on scripted dialogue in-
troduces domain biases and limits generalisation
to real-world slang. Neither resource addresses
dual-meaning words that alternate between slang
and non-slang meanings. A comparison of slang-
related datasets is shown in Table 1.

To address these gaps, we introduce the Slang-
Track (ST) dataset.3 The ST dataset is built
around dual-meaning target words, each possess-
ing at least one slang and one non-slang sense.
Unlike dictionary-based or scripted sources, ST
draws on naturally occurring language in both the
Cleaned Corpus of Historical American English
(CCOHA) (Alatrash et al., 2020) and contempo-
rary Twitter.4 This combination provides coverage
of modern slang usage while enabling contextual

2https://www.onlineslangdictionary.com
3Publicly available at: https://github.com/SlangTrack/

SlangTrack-ST-/blob/main/README.md
4https://twitter.com. Our dataset includes social media

text, which may contain offensive material. All excerpts are
de-identified in accordance with Twitter’s Academic Research
TOS.
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Dataset Source / Domain Temp.
Cov.

Slang
Cov.

Non-slang
Cov.

Polysemy
(dual-meaning) Annotation Fully

Annot. Bench. Publicly
Available

Urban Dictionary (Ni
and Wang, 2017)

Crowdsourced slang dic-
tionary (defs. + exam-
ples)

Contemp. ✓ ✗ ✗ Word / entry-level ✗ ✗ ✓

Online Slang Dictionary
(OSD) (Sun et al., 2022)

Curated slang dictionary
(defs. + examples)

Contemp. ✓ ✗ ✗ Word / entry-level ✗ ✗ ✗

Green’s Dictionary of
Slang (GDoS) (Adams,
2012)

Historical lexicographic
dictionary (defs. + cita-
tions)

Hist. ✓ ✗ ✗ Word / entry-level ✗ ✗ ✗

Reddit Glossaries (Lucy
and Bamman, 2021)

Community slang glos-
saries (subreddit lists)

Contemp. ✓ ✗ ✗ Word / glossary-level ✗ ✗ ✓

OpenSubtitles-
Slang (Sun et al.,
2024)

Scripted dialogue (movie
subtitles)

Contemp. ✓ ✓ ✗ Sentence-level (+ slang
tokens, subset annotated)

✗ ✓ ✓

SlangTrack (ST) Naturally occurring text
in two diverse corpora

Both ✓ ✓ ✓ Instance-level (target-
word–centered; slang vs.
non-slang)

✓ ✓ ✓

Table 1: Comparison of slang-related datasets. “Temp. Cov.” = temporal coverage (“Hist.” pre-2000; “Contemp.”
post-2000; “Both” spans both). “Slang / Non-slang Cov.” = slang vs. non-slang usage. “Polysemy” = dual meanings.
“Annotation” = granularity. “Fully Annot.” = fully gold-labelled. “Bench.” = benchmark.

disambiguation across time and registers.

4.1 Data Collection (Target Words and
Examples)

We selected target words that appeared in both the
SlangSD wordlist 5 and CCOHA, prioritising items
with multiple attested senses. Each chosen word
has at least one slang and one non-slang sense. To
compile sense inventories, we consulted Green’s
Dictionary of Slang, Urban Dictionary, and the On-
line Slang Dictionary, and cross-referenced mean-
ings with the Oxford English Dictionary (OED) 6

to confirm non-slang usage. Full sense inventories
are provided in Appendix 12.

We ensured that each word appeared in both
CCOHA and Twitter, allowing the dataset to re-
flect historical and contemporary senses. Apply-
ing these criteria yielded ten target words. Al-
though ST contains only ten target words, this
limited lexical scope is intentional and method-
ologically motivated. Each selected word exhibits
between two and eight attested senses, requiring
careful cross-referencing across slang dictionar-
ies, OED entries, and corpus attestations. Be-
cause contextual disambiguation for dual-meaning
words is annotation-intensive, especially for long
and paraphrastic CCOHA sentences, focusing on a
smaller set ensured high annotation quality and in-
terpretability of sense contrasts (see Appendix 16).
This design follows established practice in seman-
tic change research, where controlled, high-quality

5https://rdocumentation.org/packages/lexicon
6https://www.oed.com

pilot datasets with narrow lexical coverage (e.g.,
SemEval 2020 Task 1) serve as foundational bench-
marks before broader scaling. Accordingly, ST
itself should be interpreted as a controlled pilot
dataset, prioritising sense precision and annotation
quality over breadth. This initial release establishes
a reliable foundation that we will expand in future
work with additional words, platforms, and more re-
cent data. Each instance is labelled with its source
(CCOHA or Twitter) and timestamp (CCOHA pub-
lication year or tweet date). An instance corre-
sponds to the naturally occurring textual unit in
the source corpus: a single tweet in Twitter or a
paragraph-length context in CCOHA. While in-
stances are evaluated independently, their length
varies across sources, allowing some pragmatic and
contextual cues to be captured without explicitly
modelling broader discourse history. Although the
task centres on slang detection rather than temporal
modelling, this metadata enables users to distin-
guish older formal contexts from modern informal
ones. While final labels are binary (slang vs. non-
slang), annotators relied on the predefined sense
inventory to determine whether each instance cor-
responded to an attested slang or non-slang sense.
This ensures that the slang label reflects a genuine
register distinction grounded in attested meanings,
rather than surface stylistic informality.7

7We also release a fine-grained sense-labelled version,
SlangTrack-WSD (ST-WSD), derived from the same annota-
tion process. While ST-WSD preserves fine-grained sense
distinctions, the present study focuses on binary register-
level disambiguation; a direct comparison between binary and
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Taken together, these design decisions give ST
synchronic labels over a diachronic dataset, where
slang and non-slang senses show distinct patterns
across CCOHA and Twitter. Even without explicit
temporal modelling, this structure enables analysis
of how socially marked senses vary across time and
registers.

CCOHA contributed historical usage spanning
1980–2010, including non-slang and occasional
slang contexts. For contemporary usage, we col-
lected up to 1,000 tweets per target word from
2010–2020 through the Twitter API. Combining
both corpora allows ST to capture emerging slang
from social media alongside formal usage from
CCOHA, balancing sources and enabling direct
comparison of dual-meaning words across registers.
We deliberately restrict our sources to CCOHA and
Twitter to create a clear contrast between historical
formal writing and contemporary informal usage.

4.2 Annotation Guidelines and Details

Annotators were provided with the target words,
example sentences, and a predefined sense inven-
tory. Using this information, they labelled each
instance as slang or non-slang based on whether
the usage matched an attested slang sense or a non-
slang sense.8 All instances were mapped to a binary
slang versus non-slang classification setting.

The annotation team consisted of three English-
proficient annotators, one with a linguistics back-
ground who served as the primary annotator. Prior
to full-scale annotation, an initial pilot phase was
conducted to refine the annotation guidelines. Fol-
lowing this, two annotators independently labelled
all instances in the dataset (12,712 instances) using
the finalised guidelines.

Inter-annotator agreement was computed on the
independent (pre-adjudication) labels using Co-
hen’s Kappa and reached 0.887, indicating high
overall reliability. Disagreements were subse-
quently resolved by the primary annotator through
adjudication. The resulting class distribution is

sense-level labels is left to future work. ST-WSD is provided
as a companion resource: https://github.com/SlangTrack/
SlangTrack-Word-Sense-Disambiguation.

8Proper-noun usages (e.g., brand names, organization
names, song titles) are grouped under the non-slang category.
While these uses are not always semantic “senses” in a strict
lexicographic sense, they are not socially marked or figurative
in the way slang usages are. For the purposes of this task,
which focuses on distinguishing slang from non-slang register
rather than enumerating fine-grained sense inventories, treat-
ing proper-noun usages as non-slang provides a consistent and
operational distinction.

skewed, with approximately 80% non-slang and
20% slang instances. This imbalance reflects nat-
urally occurring usage patterns rather than anno-
tation or sampling decisions. To account for class
imbalance, we report macro-averaged evaluation
metrics and conduct per-word analyses rather than
relying on accuracy alone.

4.3 Data Statistics

The dataset contains 12,712 labelled instances:
10,105 non-slang and 2,607 slang. It includes
48,508 unique word types and 310,170 tokens. The
average post length is 34.6 words and contains 3.74
sentences. Using stratified sampling, the dataset
was divided into 70% training, 15% validation, and
15% test splits.

Keyword Non-slang Slang Total
BMW 1,082 15 1,097

Brownie 706 258 964
Chronic 1,259 426 1,685
Climber 505 137 642

Cucumber 978 73 1,051
Eat 2,708 324 3,032

Germ 753 79 832
Mammy 904 166 1,070
Rodent 744 329 1,073
Salty 535 731 1,266
Total 10,105 2,607 12,712

Table 2: Distribution of slang and non-slang instances
per target word.

Breaking this down by corpus, CCOHA con-
tributes 3,660 non-slang and 756 slang examples,
while Twitter contributes 6,514 non-slang and
1,782 slang examples. The resulting class distribu-
tion (approximately 80% non-slang and 20% slang)
reflects naturally occurring usage patterns in the un-
derlying corpora rather than annotation or sampling
decisions.

To explore stylistic variation between slang and
non-slang usage, we conducted a one-way ANOVA
on automatically derived sentiment and emotion
scores. Because these scores are produced by an ex-
ternal classifier, the analysis is exploratory and not
used to draw causal conclusions or justify model
performance. The results show statistically signif-
icant but small differences: slang instances tend
to be slightly more negative and express anger
and sadness, while non-slang instances are more
neutral. Full descriptive statistics appear in Ap-
pendix 11.
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4.4 Diachronic Variation in Slang and
non-slang Senses

Because ST dataset includes both historical COHA
data and contemporary Twitter data, it allows us to
examine how the balance between slang and non-
slang senses changes over time. In COHA, most
target words appear predominantly in their literal
senses (e.g., Eat <3% slang usage, BMW <6%, Cu-
cumber <13%), while a few items such as Rodent
and Chronic show moderate slang usage (around
25–30%). Twitter displays a different distribu-
tion. Some words become substantially more slang-
dominant: Salty, for instance, shifts from being
mostly literal in COHA to being used slang over-
whelmingly in Twitter (>70%). Other items show
the opposite pattern. Mammy appears frequently in
slang senses in COHA, but these uses become rare
in modern Twitter data. Several words, including
Eat, Climber, and Cucumber, remain largely stable,
with literal senses prevailing in both corpora. Al-
though ST spans multiple historical periods, time
is not modelled as an explicit predictive variable.
Instead, it is treated as a latent property of the data:
instances are timestamped, but classification re-
lies solely on local textual context, allowing us to
isolate instance-level slang disambiguation while
still supporting descriptive temporal analysis dis-
tributed across periods.

A statistical comparison of slang proportions
between COHA and Twitter (Appendix 13) con-
firms these trends. Salty and Mammy exhibit large,
highly significant shifts (p < .001), while most
other words show little or no significant change.
Taken together, these results highlight that the dual-
meaning words in ST follow diverse diachronic
paths, illustrating patterns of sense innovation, de-
cline, and stability over time.

5 Methodology

5.1 Pre-processing

We applied standard text pre-processing to reduce
noise and ensure consistent input across models.
This included removing URLs and usernames, ex-
cluding instances in which the target word ap-
peared inside a URL, and eliminating duplicated
content. Duplicate removal was performed at the
exact string level, meaning that an instance was
removed only if the entire textual content was re-
peated verbatim more than once in the dataset. Text
normalisation steps such as lowercasing and punc-
tuation removal were applied only in settings using

static word embeddings with CNN and BiLSTM
models, where such preprocessing is standard prac-
tice. For transformer-based and large language
models, text was minimally processed, preserving
original casing and punctuation in line with their
pre-training regimes.

5.2 Evaluation

Models were evaluated using precision, recall, F1
(macro and weighted), and accuracy. Macro scores
emphasise performance on the minority slang class,
while weighted scores account for class imbalance.
F1 captures the balance between precision and re-
call and is the primary metric for slang detection.

5.3 Classification Models

5.3.1 Basic classification models

We experimented with two neural architectures,
Convolutional Neural Networks (CNNs) (LeCun
and Bengio, 1995) and Bidirectional Long Short-
Term Memory (BiLSTM) networks (Liu and Guo,
2019; Pei et al., 2019), for slang classification. In
a first setting, we trained CNN and BiLSTM clas-
sifiers using pre-trained word embeddings only,
allowing us to assess the contribution of differ-
ent embedding types in isolation. Specifically, we
experimented with three types of pre-trained em-
beddings as input features: FastText, GloVe (Pen-
nington et al., 2014), and BERT-based contextual
embeddings (Devlin et al., 2019). CNNs capture lo-
cal lexical patterns, while BiLSTMs model longer-
range sequential dependencies within each textual
instance. In a second setting, we followed the archi-
tecture proposed by (Pei et al., 2019) and evaluated
CNN–CRF and BiLSTM–CRF models using the
full feature configuration 9 described in their work.
This configuration combines word- and character-
level representations with a set of linguistically
motivated features, including part-of-speech (POS)
tags, POS transition features, and pointwise mutual
information (PMI) scores capturing atypical local
word co-occurrence patterns associated with slang
usage.

9Full features refers to the feature configuration proposed
by Pei et al. (2019), which augments neural representations
with linguistically motivated features such as part-of-speech
(POS) information and pointwise mutual information (PMI)
scores capturing atypical word co-occurrence patterns. We
follow their implementation without modification.
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5.3.2 Fine-tuning pre-trained transformer
encoders

We fine-tuned four transformer models, BERT (De-
vlin et al., 2019), ALBERT (Lan, 2019),
RoBERTa (Liu, 2019), and XLNet (Yang, 2019)
using five-fold cross-validation over 30 epochs.10

Although trained under the same protocol, the mod-
els differ architecturally: BERT uses masked bidi-
rectional language modelling; ALBERT reduces
parameters via factorisation and weight sharing;
RoBERTa extends BERT with training; and XLNet
uses permutation-based modelling for bidirectional
context.

5.3.3 Fine-tuning large language models
(LLMs)

We fine-tuned several Large Language Mod-
els (LLMs) for slang classification, including
GPT-4o 11 (version GPT-4o-2024-08-06), a high-
capacity model, and GPT-4o-mini 12 (version GPT-
4o-mini-2024-07-18), a smaller and more cost-
efficient variant. We also fine-tuned LLaMA-3.1-
8B-Instruct and LLaMA-3.1-70B-Instruct 13, ap-
plying Low-Rank Adaptation (LoRA) to specialise
these open-source models for slang detection. In
addition to fine-tuning, we evaluated zero-shot
(GPT-4o ZSp) and few-shot (GPT-4o FSp) prompt-
ing with structured task instructions.

5.4 Enhancing Slang Detection through
Sentiment and Emotion Analysis

To capture affective cues in figurative slang, we
incorporate automatically derived sentiment and
emotion features into transformer-based and LLM
models. Features were extracted from pre-trained
emotion and sentiment classifiers 15 and concate-
nated with contextual embeddings from ALBERT-
xxlarge-v2 and BERT-large-uncased prior to clas-
sification. Although contextual language models
encode affect implicitly, explicitly modelling sen-
timent and emotion appears to provide a targeted

10Each model was trained with three random seeds; perfor-
mance variation was minimal (macro-F1 SD ≈ 0.01).

11https://platform.openai.com/docs/models/gpt-4o
12https://platform.openai.com/docs/models/gpt-4o-mini
13https://huggingface.co/meta-llama/Llama-3.1-8B
14Keras refers to embeddings created using

https://www.tensorflow.org/api_docs/python/tf/keras/layers/
Embedding, which are randomly initialised and trained during
the model’s learning process on task-specific data.

15Emotion embeddings from https:
//huggingface.co/bhadresh-savani/bert-base-go-emotion;
sentiment embeddings from https://huggingface.co/nlptown/
bert-base-multilingual-uncased-sentiment.

inductive bias for socially marked and evaluative
slang usages, which may otherwise be diluted in
general-purpose representations. The impact of af-
fective features is shown in Table 4. Full prompts
and parameter settings for all models are provided
in Tables 14 and 13.16

6 Results

Deep learning architectures provided competitive
baselines for slang detection. BiLSTM models us-
ing BERT embeddings achieved the strongest per-
formance, with an accuracy of 0.85, outperforming
variants trained on GloVe or FastText. This con-
firms that contextualised embeddings better capture
slang-related semantic variation than static repre-
sentations. CNN models performed reasonably
well but struggled with longer or more polysemous
constructions, reflecting a limited ability to model
sequential dependencies. Incorporating POS and
PMI features (Pei et al., 2019) did not improve per-
formance. BiLSTM-CRF and CNN-CRF models
underperformed simpler BiLSTM variants, particu-
larly on the minority slang class.

Transformer-based models produced stronger re-
sults overall. BERT-large-uncased achieved the
highest accuracy of 0.87 and an F1 score of 0.69 on
slang instances. These results highlight the advan-
tage of large bidirectional models for contextual
sense disambiguation. RoBERTa and XLNet also
performed well but showed slightly lower slang
recall, suggesting difficulty in distinguishing fig-
urative slang uses from literal ones in ambiguous
contexts. This aligns with prior findings that BERT-
style models capture subtle semantic distinctions
more reliably (Sun et al., 2024).

Large language models showed a similar pat-
tern. Fine-tuned GPT-4o-mini reached an accuracy
of 0.86 and slightly outperformed GPT-4o despite
its smaller size. This indicates that fine-tuning
enhances sensitivity to slang-related cues and al-
lows compact models to rival BERT-large-uncased.
Zero-shot and few-shot GPT-4o performed well
on non-slang usage but showed reduced recall for
slang, suggesting that prompting alone does not
fully resolve dual-meaning ambiguity. LLaMA-
3.1 models underperformed relative to GPT-4o and
BERT-based systems. The 70B variant produced
strong non-slang performance, with a precision of
0.87 and a recall of 0.64, but struggled with slang

16This applies to all classification models described in this
section.
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(a) Deep learning models
Non-slang Slang Avg. Macro Scores Avg. Weighted Scores

Models Features
Pr Rec F1 Pr Rec F1 Pr_M Rec_M F1_M Pr_W Rec_W F1_W Acc

GloVe 0.88 0.92 0.90 0.69 0.56 0.62 0.78 0.74 0.76 0.83 0.84 0.83 0.84
BERT 0.86 0.96 0.91 0.78 0.47 0.58 0.82 0.72 0.75 0.84 0.85 0.83 0.85BiLSTM

FastText 0.88 0.91 0.90 0.66 0.58 0.62 0.77 0.75 0.76 0.83 0.84 0.83 0.84
BiLSTM-CRF

(full features) (Pei et al., 2019)
Keras14 0.84 0.88 0.86 0.52 0.45 0.48 0.68 0.66 0.67 0.77 0.78 0.77 0.78

GloVe 0.87 0.87 0.87 0.61 0.61 0.61 0.74 0.74 0.74 0.81 0.81 0.81 0.81
BERT 0.87 0.93 0.90 0.70 0.52 0.60 0.78 0.73 0.75 0.83 0.84 0.83 0.84CNN

FastText 0.88 0.91 0.90 0.66 0.58 0.62 0.77 0.75 0.76 0.83 0.84 0.83 0.84
CNN-CRF

(full features) (Pei et al., 2019)
Keras 0.87 0.90 0.89 0.63 0.56 0.59 0.75 0.73 0.74 0.82 0.82 0.82 0.82

(b) Transformer and LLM models
Non-slang Slang Avg. macro Avg. weighted

Acc
Model Pr Rec F1 Pr Rec F1 Pr_M Rec_M F1_M Pr_W Rec_W F1_W

BERT-L (Uncased) 0.90 0.94 0.92 0.76 0.63 0.69 0.83 0.79 0.80 0.86 0.87 0.87 0.87
RoBERTa-L 0.88 0.91 0.90 0.66 0.58 0.62 0.77 0.75 0.76 0.84 0.84 0.83 0.84

XLNet-L 0.87 0.95 0.90 0.60 0.49 0.54 0.73 0.72 0.72 0.83 0.82 0.82 0.82
ALBERT-XXL 0.89 0.94 0.92 0.76 0.61 0.68 0.82 0.78 0.80 0.86 0.86 0.85 0.86

GPT-4o (ZS) 0.94 0.79 0.86 0.54 0.82 0.65 0.74 0.80 0.75 0.80 0.80 0.80 0.80
GPT-4o (FS) 0.94 0.73 0.82 0.48 0.84 0.61 0.71 0.78 0.71 0.75 0.75 0.75 0.75

GPT-4o-Mini (FT) 0.91 0.92 0.91 0.72 0.66 0.69 0.81 0.79 0.80 0.86 0.86 0.86 0.86
GPT-4o (FT) 0.85 0.90 0.89 0.76 0.63 0.69 0.81 0.77 0.79 0.85 0.85 0.85 0.85

LLaMA-3.1-8B (FT) 0.37 0.62 0.47 0.86 0.62 0.72 0.61 0.62 0.59 0.75 0.67 0.53 0.67
LLaMA-3.1-70B (FT) 0.87 0.64 0.73 0.36 0.69 0.47 0.61 0.66 0.60 0.75 0.65 0.68 0.65

Models with Sentiment & Emotion
BERT-L +S 0.90 0.95 0.92 0.79 0.64 0.76 0.84 0.80 0.84 0.88 0.88 0.88 0.88
BERT-L +E 0.90 0.94 0.92 0.78 0.63 0.76 0.84 0.79 0.84 0.87 0.87 0.87 0.87

BERT-L +S+E 0.90 0.95 0.92 0.81 0.65 0.78 0.86 0.80 0.85 0.89 0.89 0.89 0.89
ALBERT +S 0.90 0.93 0.92 0.77 0.66 0.74 0.83 0.80 0.83 0.87 0.87 0.87 0.87
ALBERT +E 0.90 0.92 0.91 0.76 0.66 0.73 0.83 0.79 0.82 0.87 0.87 0.86 0.87

ALBERT +S+E 0.91 0.92 0.91 0.72 0.69 0.77 0.82 0.81 0.84 0.88 0.88 0.88 0.88

Table 3: Model performance on the SlangTrack test set. Panel (a): deep learning models. Panel (b): transformer
and large language models, including ablations with sentiment (S) and emotion (E) features. ZS = Zero-shot, FS =
Few-shot, FT = Fine-tuned, S = Sentiment, E = Emotion.

detection, achieving a precision of 0.36 and a re-
call of 0.69. This indicates that without targeted
fine-tuning, LLaMA models are less suited to the
fine-grained distinctions required for slang disam-
biguation.

A per-word breakdown of BERT-large-uncased
(Table 5) reveals substantial variation across target
words. Items such as climber and salty achieve
high macro-F1, while more ambiguous or infre-
quent slang senses (e.g., cucumber, mammy) yield
lower slang-F1. This variation reflects differences
in sense ambiguity and class balance, underscoring
the need for per-word analysis beyond aggregate
performance metrics.

Transformer fine-tuning produced the strongest
performance, and adding sentiment and emotion
features yielded small but consistent improvements.
For BERT-large and ALBERT-xxlarge, affective
cues increased macro-F1 by approximately 0.03–

0.05 and weighted F1 by around 0.01–0.02, pri-
marily through slightly higher recall on slang in-
stances. This suggests that affective information
helps distinguish some figurative or evaluative uses
from literal ones. Overall, affective features pro-
vide modest, model-specific gains and function as
a supplementary rather than primary signal. Vari-
ance across runs is reported in Appendix 14. As
shown in Table 10, improvements from sentiment
and emotion features exceed the observed variance.
Statistical significance is confirmed via paired boot-
strap testing (Appendix 15).

7 Error Analyses

We analysed 100 misclassified instances from our
top-performing slang detection model (BERT-L +
Sentiment + Emotion), categorising them into types
(Table 12).
Bad neighbours (23%): Misclassification often
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Target Words Example Sentences
Prediction Before

Sentiment & Emotion → Sentiment Emotion
Prediction After

Sentiment & Emotion

Mammy First ’black’ woman to win an Oscar played a mammy slave. .. last one
to win it also played a slave. Some see this as progress.

Non-Slang → Negative Sadness Slang

Germ My room mate won’t stop calling me a walking germ factory just because
I have a cold.

Non-Slang → Negative Anger Slang

Chronic North Korea is known for its chronic secrecy and isolation. But in recent
years, despite its chronic struggles, there’s been a noticeable rise in
underground markets.

Slang → Neutral Fear Non-Slang

Eat Just finished that brutal workout can’t wait to eat! My abs are on fire,
but hey, no pain, no gain, right?

Slang → Positive Joy Non-Slang

Table 4: Impact of sentiment and emotion on slang classification. The table shows examples of Prediction before
sentiment & emotion and their corrected outputs using Prediction after sentiment & emotion.

Word Cnt F1
Non-slang

F1
Slang

Macro
F1

Bmw 1,097 0.995 0.421 0.708
Brownie 964 0.872 0.800 0.836
Chronic 1,685 0.931 0.598 0.765
Climber 642 0.964 0.832 0.898
Cucumber 1,051 0.960 0.415 0.688
Eat 3,032 0.905 0.454 0.680
Germ 832 0.848 0.632 0.740
Mammy 1,070 0.929 0.458 0.693
Rodent 1,073 0.844 0.651 0.748
Salty 1,266 0.870 0.909 0.890

Table 5: Per-word F1 scores for BERT-large-uncased.

arises from the presence of nearby words that in-
troduce strong pragmatic signals, such as abusive
language, drug references, or harsh tones. Al-
though such cues are not explicitly modelled in
SlangTrack, they may co-occur with slang usage
in natural data and implicitly influence model pre-
dictions. Importantly, SlangTrack does not aim to
model toxicity or harmful intent; rather, these sig-
nals are treated as incidental contextual factors that
can skew interpretation.
Proper nouns (10%): Proper nouns, especially
those appearing as bi-grams or tri-grams, can con-
fuse the model due to their compact and infor-
mal structure. These structures may be misinter-
preted as slang or colloquial expressions, particu-
larly when they lack distinguishing features.
Lost in length (13%): Very long instances with
multiple clauses, or extremely short instances with
limited contextual cues, can challenge the model.
In such cases, important pragmatic signals may be
diluted, truncated, or insufficiently represented in
the input, reducing the model’s ability to distin-
guish slang from literal usage.
Polysemy (17%): Polysemy refers to target words
with multiple meanings, both slang and non-slang,
leading to misclassification when the immediate
context is insufficient to disambiguate. For exam-
ple, the word “germ” can mean a microorganism or

serve as a slang insult. Polysemy concerns the tar-
get word’s inherent multiple meanings rather than
the surrounding context.
Ambiguity (7%): Ambiguity arises when the
broader sentence context creates uncertainty, even
if the target word’s meaning is clear in isolation.
For instance, “salty” can mean “bitter” slang or
“overly seasoned” literal. The word itself has a
clear meaning in both cases, but without strong
contextual cues, the model struggles to determine
which sense is intended. Ambiguity is about the
sentence creating uncertainty rather than the word
having multiple inherent meanings.
Unknown (30%): Unconventional abbreviations,
rare slang, or novel expressions pose challenges.
Such terms often deviate from standard language
patterns, making classification difficult, especially
if they are absent from the model’s training data.

8 Conclusion

We address the task of slang detection by focusing
on words that can be used in both slang and non-
slang senses, an aspect that has received limited
attention in prior work. This distinction enables
a more fine-grained analysis of lexeme-specific
and pragmatically driven meaning alternations, be-
yond aggregate classification accuracy. We intro-
duce SlangTrack, a corpus of dual-meaning words,
and benchmark a range of neural architectures,
fine-tuned transformer-based language models, and
large language models. Our results show that fine-
tuned transformer models, particularly BERT-large-
uncased, achieve the strongest performance on this
task, while incorporating sentiment and emotion
features yields modest but consistent improvements
in ambiguous cases. SlangTrack thus provides a
controlled benchmark for studying contextual slang
usage across different lexical items.
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9 Limitations

Our dataset integrates examples from heteroge-
neous sources that differ in register and histori-
cal period. CCOHA reflects earlier formal written
English, while Twitter provides contemporary in-
formal. These source differences may affect recall
for slang senses that vary across time or context,
but they also reflect real lexical change and support
the study of sense variation across registers. Be-
cause CCOHA and Twitter differ substantially in
corpus size and temporal span, we do not interpret
raw frequency differences between them as direct
evidence of diachronic slang trends; instead, our
analyses focus on sense-level annotation and statis-
tically controlled comparisons of slang versus non-
slang usage across corpora. Although SlangTrack
includes temporal metadata, the present study does
not implement time-aware modelling, leaving ex-
plicit modelling of continuous semantic trajectories
and slang adoption dynamics to future work.

While SlangTrack captures instance-internal
pragmatic cues (e.g., affective stance and figurativ-
ity) expressed locally within individual textual in-
stances, it does not explicitly model discourse-level
pragmatics such as speaker alignment or conversa-
tional implicature spanning multiple interactions.
The task therefore models local pragmatic inter-
pretation rather than full discourse-level slang un-
derstanding. As with naturally occurring language
data, slang and non-slang usages are not perfectly
balanced across target words. This natural sparsity
is addressed through macro-level evaluation and
per-word analyses. Another limitation is the nar-
row lexical coverage (10 target words), adopted as
a controlled pilot setting. Rather than maximising
absolute performance, the results provide diagnos-
tic insights into lexeme-dependent slang detection
and motivate future work on broader coverage and
richer contextual modelling.
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sive pretraining for language understanding. arXiv
preprint arXiv:1906.08237.

10 Implementation Details

Hardware Configuration
Deep Learning Models. All CNN and BiLSTM
experiments were conducted on a single Tesla
V100 GPU with 32 GB RAM using the Google
Colab Pro+ platform.17

Fine-Tuning Experiments (LMs and LLMs).
Fine-tuning for transformer-based language models
and large language models (LLMs) was performed
on a single NVIDIA A100 GPU (80 GB RAM).

Software Frameworks
All experiments used Python 3.10.12. Evaluation
metrics were computed using scikit-learn.18 Trans-
former models were trained with three random
seeds; performance variation was minimal (macro-
F1 standard deviation 0.01).

Deep Learning Model Frameworks
TensorFlow19 and Keras20 were used for imple-
menting CNN and BiLSTM architectures. Hy-
perparameter tuning was performed using Keras
Tuner.21 scikit-learn utilities were used to compute
precision, recall, and F1-score.

Transformer Model Frameworks
SimpleTransformers22 and Hugging Face Trans-
formers23 enabled loading and fine-tuning of mod-
els such as BERT. Stratified K-fold cross-validation
was implemented with scikit-learn.

Deep Learning (CNN and BiLSTM)
Architecture Setup
Embedding Resources. FastText embeddings
(wiki-news-300d-1M.vec), trained on Wikipedia

17https://colab.research.google.com/
18https://scikit-learn.org/stable/
19https://www.tensorflow.org/
20https://keras.io/
21https://keras-team.github.io/keras-tuner/
22https://simpletransformers.ai
23https://huggingface.co/transformers/

2017, UMBC WebBase, and statmt.org news (16B
tokens), were used.24 GloVe embeddings (300d,
Common Crawl, 840B tokens) were loaded. BERT
embeddings from bert-base-uncased were ex-
tracted for use in CNN and BiLSTM models.

Tokenisation and Sequence Processing. Sen-
tences were tokenised using the Keras Tokenizer.
Sequences were padded to a fixed length (95th
percentile of training sentence lengths) using
pad_sequences.

Hyperparameter Tuning. CNN and BiLSTM
configurations were optimised via Keras Tuner’s
Random Search. Fifty trials were run per architec-
ture, tuning embedding dimensions, hidden sizes,
dropout, learning rate, and optimiser. Selected hy-
perparameters appear in Table 13.

Fine-Tuning Procedures for GPT-4o and
LLaMA Models
Training Setup and Specifications. GPT-
4o, GPT-4o-mini, LLaMA-3.1-70B-Instruct-
Reference, and LLaMA-3.1-8B-Instruct were
fine-tuned using the same training and validation
splits as BERT models. GPT-4o models were
fine-tuned via OpenAI’s API. LLaMA models
were fine-tuned using Together AI’s API,25,
incorporating LoRA for memory-efficient training.
Each model was trained to classify sentences as
slang or non-slang using structured JSONL
prompt–completion pairs.

Structured Prompt Format. A consistent
prompt template was used for GPT-4o and LLaMA
models: Your task is to classify the
sentence as either ’slang’ or ’non-slang.’
Please respond only with ’slang’ or
’non-slang.’

11 Exploratory ANOVA Analysis
Between Slang and Non-Slang Texts

To provide a descriptive view of stylistic differ-
ences between slang and non-slang instances, we
conducted an exploratory one-way ANOVA us-
ing automatically derived sentiment and emotion
scores.26

24https://fasttext.cc/docs/en/english-vectors.html
25https://together.ai
26All affective scores are produced by an external classifier

and were not manually annotated; results should therefore
be interpreted only as descriptive trends rather than causal
linguistic evidence.
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11.1 Sentiment Differences

Figure 1 shows the distribution of positive, neutral,
and negative sentiment. ANOVA results (Table 6)
indicate statistically detectable but modest differ-
ences between classes. Slang instances tend to be
slightly more negative, while non-slang instances
are more often neutral.

Figure 1: Sentiment distribution across slang and non-
slang instances.

Sentiment F p Significance
Positive 45.78 2.1×10−10 Significant
Negative 38.54 4.3×10−8 Significant
Neutral 12.92 3.0×10−4 Significant

Table 6: Exploratory ANOVA results for sentiment.

11.2 Emotion Differences

Emotion scores (Figure 2) show detectable differ-
ences for a subset of categories (Table 7). Slang
instances exhibit slightly higher anger and sadness,
while other emotions show no meaningful differ-
ences.

Emotion F p Significance
Anger 9.61 1.9×10−3 Significant
Sadness 5.35 3.7×10−2 Significant
Fear 0.11 0.74 Not Significant
Joy 0.32 0.57 Not Significant
Love 1.52 0.22 Not Significant
Surprise 0.03 0.85 Not Significant

Table 7: Exploratory ANOVA results for emotion cate-
gories.

12 Appendix: Full Sense Inventories for
SlangTrack Target Words

Table 8 lists all attested senses for each target word
in the SlangTrack dataset. Sense IDs (S1–Sn) cor-
respond to the annotation scheme used throughout

Figure 2: Emotion score distribution across slang and
non-slang instances.

the paper. This table enumerates the sense invento-
ries only.

13 Statistical Analysis of Diachronic
Shifts in Slang vs. non-slang Sense
Usage

We evaluate whether the relative frequency of pre-
annotated slang versus non-slang senses differs be-
tween COHA (historical data) and Twitter (con-
temporary data). Each annotated token represents
a binary outcome (slang or non-slang), enabling
comparison of proportions across periods using the
standard two-proportion z-test. This analysis exam-
ines redistribution in the usage of existing senses
rather than the emergence of new ones.

13.1 Two-Proportion z-Test
For a given word w, let pCOHA(w) and pTwitter(w)
denote the observed proportions of slang-labelled
tokens in COHA and Twitter. The null hypothesis
states that the true slang probabilities are equal:

H0 : pCOHA(w) = pTwitter(w),

H1 : pCOHA(w) ̸= pTwitter(w).

The pooled estimate under H0 is:

p̂ =
sCOHA + sTwitter

nCOHA + nTwitter
,

where sCOHA and sTwitter are slang counts, and
nCOHA, nTwitter are total token counts in each cor-
pus. The standard error of the difference is:

SE =

√
p̂(1− p̂)

(
1

nCOHA
+

1

nTwitter

)
.

The test statistic is:

z =
p̂Twitter − p̂COHA

SE
.
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Word Sense Inventory (S1–Sn)

Eat S1: Consume food. S2: Perform oral sex on a woman. S3: Make money or absorb a financial
loss (“take the loss”). S4: Rob someone in a low-violence street context. S5: Defeat, destroy, or
overwhelm. S6: Irritate or annoy.

BMW S1: German automobile brand. S2: Derogatory reference to Black individuals (“Black Man
Working,” etc.). S3: Acronym for “Be My Wife.”

Brownie S1: Chocolate dessert. S2: Silly or foolish person. S3: Racially offensive reference to brown-
skinned individuals. S4: Marijuana-infused edible. S5: Vulgar reference to the anus. S6: Unit of
social credit (“brownie points”). S7: Personal name or nickname. S8: Frequent collocate used in
fixed expressions.

Chronic S1: High-quality cannabis. S2: Medical term for a long-lasting or persistent condition. S3:
Excellent or outstanding. S4: Negative extreme (e.g., a “chronic” habit or person). S5: Proper
name (album, song, title).

Climber S1: Person attempting upward social mobility. S2: Rock climber (sport). S3: Climbing plant. S4:
Burglar who gains access by climbing.

Germ S1: Microorganism. S2: Cigarette slang used in institutional settings. S3: Offensive term for
people of German descent. S4: Contemptible or unpleasant person. S5: Proper name (company or
brand). S6: Frequent collocate in compounds.

Mammy S1: Racialised stereotype of a Black woman domestic worker. S2: Dialectal or literal “mother.” S3:
Slang for a large amount (e.g., “money’s mammy”). S4: Proper name (brand, company, or artistic
title).

Cucumber S1: Penis (slang). S2: Vegetable. S3: Proper name (company, brand, or software).

Rodent S1: Insult for someone unattractive, untrustworthy, or unintelligent. S2: Animal of the order
Rodentia.

Salty S1: Irritated, annoyed, or resentful. S2: Tasting of salt. S3: Old, worn, or well-used. S4: Tough,
aggressive, or hardened. S5: Crude, obscene, or vulgar. S6: Proper name (animal, brand, or song
title).

Table 8: Complete sense inventories for all SlangTrack target words. Slang and non-slang senses are shown together.
Sense IDs (S1–Sn) correspond to those used in the annotation guidelines.

Two-sided p-values are obtained from the standard
normal distribution.

13.2 Worked Example: Mammy
For Mammy, the annotated sense inventory in-
cludes both slang and non-slang meanings. Slang
senses: (1) stereotyped Black woman (“mammy”
caricature), (3) figurative abundance sense (e.g.,
“money’s mammy”). Non-slang senses: (2) literal
‘mother’, (4) proper-name, company, or song title
use.

COHA. Slang tokens: 97. Total tokens: 194.

p̂COHA = 97/194 = 0.500.

Twitter. Slang tokens: 69. Total tokens: 876.

p̂Twitter = 69/876 ≈ 0.0788.

Pooled estimate.

p̂ =
97 + 69

194 + 876
=

166

1070
≈ 0.1551.

Standard error.

SE ≈ 0.0287.

Test statistic.

z ≈ −14.66, p < 0.0001.

This indicates a substantial decrease in the slang
usage of Mammy from COHA to Twitter, with the
racialised sense becoming rare in contemporary
data.

13.3 Results for All Target Words
Table 9 reports slang proportions for COHA and
Twitter, their differences, and z-test significance
levels.

13.4 Interpretation
Three items show statistically significant redistri-
bution in slang usage between COHA and Twitter:
Salty (increase), Mammy (decrease), and Chronic
(decrease). For all other words, changes are small
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Word pCOHA pTwitter ∆p z p Sig.

Eat 0.100 0.120 +0.020 1.67 0.0960 -
BMW 0.022 0.012 -0.010 -1.16 0.2450 -
Brownie 0.283 0.265 -0.018 -0.45 0.6550 -
Chronic 0.280 0.225 -0.055 -2.59 0.0097 **
Climber 0.193 0.219 +0.026 0.65 0.5150 -
Germ 0.110 0.091 -0.019 -0.78 0.4370 -
Mammy 0.500 0.079 -0.421 -14.66 <0.0001 ***
Cucumber 0.057 0.072 +0.015 0.69 0.4890 -
Rodent 0.292 0.309 +0.017 0.46 0.6470 -
Salty 0.193 0.742 +0.549 18.12 <0.0001 ***

Table 9: Slang usage proportions for COHA vs. Twitter.
Significance: *p < .01, **p < .001 (two-sided).

and not significant. The results illustrate diachronic
variation in the distribution of attested senses, con-
sistent with usage-based accounts of sense compe-
tition and shifting pragmatic salience.

14 Variance Estimation

To provide a transparent account of performance
variability, we report macro-F1 scores together
with variance estimates for all models (see Ta-
ble 10). Transformer models were fine-tuned using
three distinct random seeds, and we therefore report
macro-F1 ± standard deviation across these runs.
For deep learning models, which are determinis-
tic under our setup, variance was estimated using
1,000-sample non-parametric bootstrap resampling
over the test predictions.

Model Non-slang F1 Slang F1 Macro-F1 ± SD

Deep Learning Models
BiLSTM (BERT) 0.91 0.58 0.75 ± 0.012
BiLSTM (GloVe) 0.90 0.62 0.76 ± 0.015
BiLSTM (FastText) 0.90 0.62 0.76 ± 0.014
CNN (BERT) 0.90 0.60 0.75 ± 0.017
CNN (GloVe) 0.87 0.61 0.74 ± 0.013
CNN (FastText) 0.90 0.62 0.76 ± 0.012
BiLSTM-CRF (full features) 0.86 0.48 0.67 ± 0.020
CNN-CRF (full features) 0.89 0.59 0.74 ± 0.019

Transformer Models
BERT-large-uncased 0.92 0.69 0.80 ± 0.010
RoBERTa-large 0.90 0.62 0.76 ± 0.011
XLNet-large 0.90 0.54 0.72 ± 0.012
ALBERT-xxlarge-v2 0.92 0.68 0.80 ± 0.010

Models with Sentiment & Emotion
BERT-L +S 0.92 0.76 0.84 ± 0.010
BERT-L +E 0.92 0.76 0.84 ± 0.011
BERT-L +S+E 0.92 0.78 0.85 ± 0.012
ALBERT +S 0.92 0.74 0.83 ± 0.011
ALBERT +E 0.91 0.73 0.82 ± 0.012
ALBERT +S+E 0.91 0.77 0.84 ± 0.013

Table 10: Performance of deep learning and transformer
models on the SlangTrack test set, including models
enriched with sentiment (S) and emotion (E) features.

15 Statistical Significance of Sentiment
and Emotion Features

To verify that the performance improvements from
sentiment and emotion features are statistically
meaningful, we conducted paired significance test-

Model Comparison Macro-F1 p-value

BERT-large-uncased
Base → +S +0.04 0.012
Base → +E +0.04 0.018

Base → +S+E +0.05 0.003

ALBERT-xxlarge-v2
Base → +S +0.03 0.021
Base → +E +0.02 0.025

Base → +S+E +0.04 0.009

Table 11: Paired bootstrap significance testing for sen-
timent and emotion features. Each block shows the
comparisons between the base model and variants with
sentiment (S), emotion (E), or both.

ing on the transformer models.

Test procedure. For each transformer-based
model, we compare the base fine-tuned model
with its affect-enhanced variants using paired boot-
strap resampling (Koehn, 2004). Resampling is
performed over test predictions from a fixed fine-
tuning configuration, using identical test instances
for both models. We draw 10,000 bootstrap sam-
ples with replacement and compute the difference
in macro-F1 for each sample, yielding an empirical
distribution of performance differences. Two-sided
p-values are estimated as the proportion of samples
in which the difference includes zero.

Results. Table 11 reports the mean macro-F1 im-
provements (∆Macro-F1) and associated p-values.
For both BERT-large and ALBERT-xxlarge, the
combined sentiment and emotion configuration
(+S+E) yields statistically significant improve-
ments (p < 0.05). Individual sentiment-only (+S)
and emotion-only (+E) features produce smaller
gains that are not consistently significant across
models. These findings are consistent with the low
run-to-run variance observed across random seeds
(Appendix 14), indicating that the improvements
are robust to sampling variation rather than arte-
facts of random initialisation.

16 Annotation Challenges in Historical
Corpus Data

These examples demonstrate why annotating words
that have both slang and non–slang senses is cogni-
tively demanding, particularly in long, descriptive,
historical corpora such as COHA. One of our target
words, salty, can express a wide range of meanings,
and the annotator must determine which sense is in-
tended based on extended narrative context. These
examples illustrate how COHA’s long, descriptive,
and multi-layered passages often involving figura-
tive language, shifting narrative perspectives, and
domain-specific idioms significantly increase the
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complexity of sense annotation. As a result, an-
notations drawn from historical corpora require
more time, attention, and contextual reasoning than
annotations drawn from short, contemporary, or
informal texts.

Sense Inventory for salty

• S1: Irritated, annoyed, or resentful slang
sense referring to emotional upset or reactive
behaviour.

• S2: Tasting of salt — literal reference to
flavour, salinity, or physical salt content.

• S3: Old, worn, or well-used describes ob-
jects or individuals that appear aged or weath-
ered.

• S4: Tough, aggressive, or hardened slang
sense used for rugged, experienced, or hard-
ened individuals.

• S5: Crude, obscene, or vulgar slang sense
used for coarse or inappropriate language or
behaviour.

• S6: Proper name used when salty appears as
a title or name (animal, brand, song title).

Example 1 (COHA T1)

My feelings are hurt, and no one loves me. It
doesn’t matter what I look like. A large bowl of
snack food or a box of chocolates is so ‘good’ that
it disappears. (e) “I am just as good, strong, and
brave as they are.” If I eat heart, kidneys, and
liver, then I will be strong like a lion. (f) “I al-
most starved to death during period X.” People
who have been deprived of food continuously of-
ten will eat whatever they can, including rich and
salty snack foods @ @ @ @ @ @ @ @ @ @ d.
Due to the following aspects: (a) to make it less
extreme, when a person who habitually consumes
a high-fat diet must reduce fat intake to a moder-
ate level; (b) to limit or restrict the meaning of
and suggests a difference that limits, restricts, or
adapts to a new purpose, as when one who has ha-
bitually consumed a high-fat, rich diet must follow
a low-fat, low-calorie diet until sufficient weight
is lost that the gall bladder can be removed; (c)
to make a minor change in, as a patient with an
ulcer. Such dietary adjustments are often recom-
mended gradually rather than abruptly. Medical
guidance typically emphasizes moderation rather

than total elimination. Patients are advised to mon-
itor portion size and ingredient content carefully.
Attention to fat and salt intake is presented as part
of long-term health management.

Sense-Identification Notes:
This passage blends nutritional explanation, emo-
tional examples, and medical reasoning, making
the annotator process several shifts in meaning be-
fore encountering the literal use of salty. The long,
layered structure increases the cognitive load and
requires careful reading. The intended sense is a
literal reference to salty food.

Label: S2 Non-slang

Example 2 (COHA T1)

Back into the hole you crawled @ @ @ @ @ @ @
@ @ @ and get out of here. Hey, hey, hey, hey, hey.
Hey, what’re you doing? Pretty hot out here. Must
be what, 90? It’s gonna get real toasty in there.
Hey, now, now, let’s not get salty here — no need
to get angry. I’ll tell you what. You give everything
you got in the register, forget about pumping gas,
and we’ll be on our merry way. The purse, too.
Please, go away now. No! No, don’t! No! No,
don’t! (SHOUTING) Whoa, whoa! Could you hold
it there? MAN: Ging, guy. Baker, what is this?
That’s, um, caviar. You know, that stuff comes all
the @ @ @ @ @ @ @ @ @ @ — you kidding
me? I get a stupid little sea wrapped pound cake
with a candle on it for my birthday, and this guy’s
spending $20 an ounce on this stuff? If you had
the stars, it would be a whole different war. Yeah.
How do you eat it? Please put it on one of those
crackers, Danny don’t get salty about it. RUIZ:
Oh, that’s disgusting. Danny, Danny, man, I got
to clean that stuff up... Hey, keep your voice down,
all right? You don’t need to snap at everyone in
the room. Everybody’s already on edge, and you’re
making it worse. Take a breath and calm yourself
down. This doesn’t have to turn ugly if you don’t
let it. Now move, before someone really loses their
temper.

Sense-Identification Notes:
The expression “let’s not get salty here” appears
during an escalating confrontation marked by
shouting, threats, and attempts to control anger.
In this context, salty clearly refers to emotional ir-
ritation or annoyance rather than taste or physical
properties. The surrounding dialogue explicitly ref-
erences anger management (“no need to get angry,”

“calm yourself down,” “loses their temper”), which
firmly supports interpretation as S1.
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Label: S1 Slang

Example 3 (COHA T2)
Third Son ends up with the princess and half the

kingdom. He fitted right in. Only Emily knew he
didn’t belong, and it gave a kind of edge to his per-
formance, she felt. She ran him through his lines
herself. (Leon played the older two sons.) She put
an extra, salty twang in his voice. The real Third
Son, meanwhile more handsome, with less char-
acter – lay face-up backstage, grinning vacantly.
Emily had never actually planned to be @ @ @ @
@ @ @ @ @ @, thought of it as temporary work.
“They would taste now; it’s hot in here,” she told
him. @ @ @ @ @ @ @ @ @ @ his jaw, a tiny
muscle into which he poured all the concentrated
tension of his body. “You invited me here, lady...”
He stood straighter, setting his shoulders as if brac-
ing for impact. The words came out sharper than
before, clipped and deliberate. Emily nodded, en-
couraging him to hold that tone. The edge made the
character sound older, tougher, less naïve. It was
no longer a boy pleading, but a man demanding.
Even from backstage, the difference in force was
audible. The performance carried a harder, more
aggressive energy. The added roughness gave the
scene its weight.

Sense-Identification Notes:
In this theatrical context, salty modifies twang to
describe a deliberately sharpened and hardened vo-
cal quality. The surrounding performance-related
cues (e.g., tension, force, and aggression in deliv-
ery) indicate a stylistic choice rather than a literal
taste or emotional irritation. This usage aligns with
the slang sense denoting toughness or hardness.

Label: S4 Slang
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Error
Category Examples Reason for Misclassification Gold Label →

Predicted Label
Bad

Neighbors I think y’all understand the intense hate and fear for
that rodent-looking motherfucker.

The strong slang word “motherfucker” triggers mis-
classification, while “rodent” adds a negative tone
but isn’t slang.

Non-Slang →
Slang

Proper
Nouns Wow, believe still remember brownie smile song girl

scout memories. Good burger, man. I wish you could
come to the sweet brownie party.

Phrases like “Brownie Smile Song” and “sweet
brownie party” are proper nouns. Informal phras-
ing misleads the model into treating them as slang.

Non-Slang →
Slang

Lost in
Length Post-1960s growth, a small, expensive underclass

resulted in structural problems... chronic joblessness
and welfare dependency.

Long, complex sentences make identifying context
difficult, and pre-processing can reduce clarity.

Non-Slang →
Slang

Polysemy @Officer_Grayson Once a germ, always a germ.
He’s as unclean as pork.

The word “germ” has multiple meanings, either as
a microorganism or an insult. Lack of clear context
causes errors.

Non-Slang →
Slang

Polysemy As a tiny rodent.. I see things from a unique angle.
Like that guy over there... he’s not wearing under-
pants.

The metaphor “tiny rodent” was interpreted literally
instead of as slang, leading to misclassification.

Slang →
Non-Slang

Ambiguity The book’s protagonist is a mammy figure who is
both nurturing and deeply flawed, and becomes a
symbol of resistance against systemic oppression.

The context links “mammy” to literary analysis, sug-
gesting non-slang usage, but informal or stereotypical
connotations mislead the model.

Non-Slang →
Slang

Ambiguity My mom is really starting to get on my fucken nerves
being the germ freak she is.

The word “germ” can be literal (bacteria) or slang
(obsession with cleanliness). Ambiguous context
caused misclassification.

Slang →
Non-Slang

Unknown Ugh, can’t wait to eat something after this workout!
Abs are killing me, lol hoebag move, though.

Informal abbreviations like “lol” and rare slang terms
like “hoebag” confuse the model.

Non-Slang →
Slang

Table 12: Examples of misclassified samples for each error category.

Deep Learning, Transformer, and Large Language Models
Model Parameters

Fine-Tuned Transformer Models
(BERT, RoBERTa, ALBERT, XLNet)

num train epochs = 30, learning rate = 4e-5, train batch size = 64, eval batch size = 64,
Optimiser = AdamW

Fine-Tuned BERT and ALBERT with
Sentiment and Emotion Analysis

num train epochs = 30, learning rate = 4e-5, train batch size = 64, eval batch size = 64,
Optimiser = AdamW

BiLSTM + GloVe embeddings Embedding Dimension = 300, BiLSTM Units = 32, Dense Units = 64, Dropout Rate = 0.2, Optimiser
= Adam, Learning Rate = 2.93e-03, epochs = 30

BiLSTM + FastText embeddings Embedding Dimension = 300, BiLSTM Units = 256, Dense Units = 64, Dropout Rate = 0.3, Optimiser
= Adam, Learning Rate = 7.02e-04, epochs = 30

BiLSTM + BERT embeddings Embedding Dimension = 768, BiLSTM Units = 128, Dense Units = 128, Dropout Rate = 0.3, Optimiser
= RMSprop, Learning Rate = 7.44e-03, epochs = 30

CNN + GloVe embeddings Embedding Dimension = 300, Conv Units = 128, Dense Units = 32, Dropout Rate = 0.4, Optimiser =
Adam, Learning Rate = 1.00e-03, epochs = 30

CNN + FastText embeddings Embedding Dimension = 300, Conv Units = 224, Dense Units = 128, Dropout Rate = 0.2, Optimiser
= RMSprop, Learning Rate = 1e-03, epochs = 30

CNN + BERT embeddings Embedding Dimension = 768, Conv Units = 64, Dense Units = 32, Dropout Rate = 0.3, Optimiser =
RMSprop, Learning Rate = 1e-03, epochs = 30

Fine-Tuned LLaMA Models
(LLaMA-3.1-70B-Instruct,
LLaMA-3.1-8B-Instruct)

num train epochs = 30, learning rate = 1e-5, train batch size = 64, LoRA Enabled = True, LoRA
Rank = 64, LoRA Alpha = 128, LoRA Dropout = 0.0, LoRA Trainable Modules = all-linear, Optimiser
= AdamW, Learning Rate Scheduler = Linear, Max Grad Norm = 1.0

Fine-Tuned OpenAI
Models (GPT-4o, GPT-4o-mini)

num train epochs = 3, batch size = 20, learning rate = 1e-5, Optimiser = AdamW, Temperature =
0, Max Tokens = 1024, Top p = 1.0, Frequency Penalty = 0.0, Presence Penalty = 0.0

GPT-4o ZS and GPT-4o FS Max Tokens = 2048, Temperature = 0, Top p = 0.9, Frequency Penalty = 0.0, Presence Penalty =
0.0

Machine Learning Models
Estimator Hyperparameters

Logistic Regression (LR) penalty=l2, C=1.0, solver=lbfgs, max_iter=100, verbose=0

Support Vector Machine (SVM) C=1.0, gamma=1.0, cache_size=200, max_iter=-1

Random Forest (RF) n_estimators=100, max_depth=10, min_samples_split=2

AdaBoost n_estimators=50, learning_rate=1.0, base_estimator=DecisionTreeClassifier, algorithm=SAMME.R

CatBoost iterations=1000, learning_rate=0.03, depth=6, verbose=True

Table 13: Parameters for Deep Learning, Transformer-Based, and Machine Learning Models. The first section
presents trainable model parameters, while the second section highlights hyperparameters for machine learning
models.

18



Strategy Prompt Example

Zero-shot
prompting

Task explanation
Explicit behavioural guidelines

Task instance

Your task: Classify a given sentence as either slang or non-slang.

1. FIRST line: ONLY write slang or non-slang with no extra words or punctuation.
2. Following lines: Explain WHY the sentence is classified as slang or non-slang.
3. Ensure the response follows this format for accurate extraction.

Task instance: Ravens fans, players still salty, got ass kicked last week.

Expected Answer:
Slang
Reasoning: The phrase still salty is slang for being upset or bitter about a past event. The phrase
got ass kicked further emphasises informality.

Few-shot
prompting

Task explanation
Explicit behavioural guidelines

Example instances
Task instance

Your task: Classify a given sentence as slang or non-slang.

1. FIRST line: ONLY write slang or non-slang with no extra words or punctuation.
2. Following lines: Explain WHY the sentence is classified as slang or non-slang.
3. Ensure the response follows this format for accurate reasoning extraction.

Example instance: Man, that chronic had me feeling way too relaxed last night.
Answer: Slang
Reasoning: The term chronic is slang for high-quality marijuana.

Example instance: Scientists discovered a new type of germ in the petri dish.
Answer: Non-slang
Reasoning: The word germ is used literally in a microbiological context.

Task instance: Ravens fans, players still salty, got ass kicked last week.
Expected Answer: Slang
Reasoning: The phrase still salty expresses resentment, and got ass kicked adds to the informal slang tone.

Table 14: Zero-shot and Few-shot prompting strategies for slang detection.
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