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ABSTRACT

Emotion detection from text has seen rapid progress, yet comparing systems across studies remains difficult because datasets, label
spaces, languages, and tuning protocols vary simultaneously. Parameter-efficient fine-tuning methods such as Low-Rank
Adaptation (LoRA) and adapter modules are increasingly used to reduce computational cost, but their behavior under
heterogeneous emotion detection conditions has not been systematically studied. This paper presents a unified benchmark
comparing three tuning strategies full fine-tuning (FFT), LoRA, and adapter modules across seventeen transformer backbones and
four emotion datasets: GoEmotions, SemEval-2018 E-c, ArmanEmo, and EmoMix-3L. Holding the evaluation protocol fixed, we
find that ELECTR A-base-discriminator consistently performs best among standard-size backbones, LoRA remains close to FFT in
most settings, and code-mixed text remains the hardest condition for every model and strategy. The benchmark provides a practical
reference for selecting efficient tuning methods for emotion detection across diverse social text environments.
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1. INTRODUCTION

Emotion detection from text is an important
problem in natural language processing and affective
computing, with applications in mental health
monitoring, crisis detection, customer feedback
analysis, and conversational artificial intelligence.'
Modern systems move beyond coarse sentiment labels
and attempt to recognize fine-grained affective states,
including anger, joy, sadness, fear, surprise, and other
nuanced emotions. However, comparing emotion
detection systems across studies remains difficult
because datasets, label spaces, languages, domains,
metrics, and tuning protocols often vary
simultaneously.

A second challenge is computational cost. Full
fine-tuning of transformer models requires updating
all model parameters, which becomes expensive when
separate models are needed for multiple datasets,
languages, or deployment settings. Parameter-efficient

fine-tuning (PEFT) methods such as LoRA? and
adapter modules® reduce this cost by freezing most of
the pretrained backbone and updating only a small set
of task-specific parameters. Although these methods
are widely used, their behavior across heterogeneous
emotion detection datasets remains insufficiently
studied. This paper addresses both issues by
benchmarking three tuning strategies FFT, LoRA, and
adapters across seventeen transformer backbones and
four emotion datasets covering English Reddit,*
multilingual tweets,? Persian social text,’ and Bangla-
English-Hindi code-mixed social text.” The goal is not
to introduce a new architecture, but to provide a
controlled and reproducible comparison of tuning
strategies across diverse real-world emotion detection
settings.
The main contributions are:
e We present a systematic benchmark
comparing FFT, LoRA, and adapter tuning
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across four diverse social text emotion
datasets.

* We evaluate seventeen transformer
backbones under a unified protocol covering
English, multilingual, language-specific, and
social-media-oriented models.

*  We provide practical findings on when LoRA
can substitute FFT and where full fine-tuning
remains preferable, especially for code-
mixed emotion detection.

2. RELATED WORK

Emotion detection has progressed from lexicon-
based approaches such as the NRC Emotion Lexicon®
to transformer-based contextual modeling. A cross-
corpus study by Bostan and Klinger’ showed that
emotion datasets differ substantially in annotation
schemes, label inventories, and domains. Large-scale
datasets such as GoEmotions,* SemEval-2018 Task 1,
ArmanEmo,® and EmoMix-3L7 have expanded
emotion detection across English, multilingual,
Persian, and code-mixed settings. However,
differences in dataset design and evaluation protocol
still make direct comparison difficult.

Transformer models such as BERT,!"?
RoBERTa,'! XLM-RoBERTa,'? and DeBERTa!? have
become strong baselines for text classification.
Domain- and language-specific models such as
BERTweet and ParsBERT'* further improve
performance in social-media and Persian settings. At
the same time, PEFT methods such as adapters,’
LoRA,? prefix tuning,'> and prompt tuning'® reduce
adaptation cost by updating only a small subset of
parameters. Surveys and frameworks such as Delta
Tuning and AdapterHub'”'® summarize these
methods, but their comparative behavior across
heterogeneous emotion detection datasets remains
underexplored.

3. MATERIALS AND METHODS
3.1. Benchmark Design

The benchmark is designed to isolate the effect of
tuning strategy and backbone model. Preprocessing,
optimization, metrics, and data splits are kept fixed,
while only the tuning strategy and pretrained backbone
are varied. This controlled design ensures that
observed differences reflect genuine properties of each
strategy rather than differences in experimental setup.

Figure 1: Overview of the benchmark pipeline used to
compare full fine-tuning, LoRA, and adapter tuning
across transformer backbones and emotion datasets.
3.2. Datasets
Table 1 summarizes the four datasets used in the
benchmark.
Table 1: Summary of datasets used in the

benchmark.

Dataset Lang. Domain Tas Labe

k Is
GoEmoti  En Reddit Mult 27+
ons I- N

label
SemEval En/Ar/ Tweets Mult 11+
-2018 E-c  Es i- N

label
ArmanE Fa Social/Rev.  Mult 7
mo iew i-

class
EmoMix- Bn- Social Mult 5
3L En-Hi i-

class

GoEmotions* contains 58,000 English Reddit
comments annotated with 27 emotion categories plus
Neutral. It is treated as a multi-label classification task.

SemEval-2018 E-¢’ contains English, Arabic,
and Spanish tweets labeled with one or more emotion
categories. We use the official E-c subtask and
evaluation protocol.

ArmanEmo® contains Persian social and review-
style text across seven emotion classes. It provides a
non-English evaluation condition for emotion
detection.

EmoMix-3L7 contains Bangla-English-Hindi
code-mixed social text across five emotion classes. It
is the most linguistically challenging dataset in the
benchmark.
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3.3. Backbone Models

We evaluate seventeen transformer backbones
across  English  general-purpose, social-media-
specific, multilingual, and language-specific model
families. These include BERT,! RoBERTa,'!
DeBERTa,"* DistilBERT, ELECTRA, BERTweet,
Twitter-RoBERTa, XLM-RoBERT3,'> mDeBERTa,
ModernBERT, SONAR, ParsBERT,* and MuRIL."
English general models serve as broad baselines,
social-media models test domain-matched pretraining,
multilingual models test cross-lingual transfer, and
language-specific models provide reference points for
Persian and Indian-language settings.

3.4. Tuning Strategies

Full Fine-Tuning (FFT). In FFT, all backbone
parameters and the classification head are updated
jointly. This setting provides the highest adaptation
flexibility and serves as the performance ceiling.

LoRA. LoRA freezes the pretrained model and
injects trainable low-rank updates into selected
projection layers.? For a pretrained weight matrix W €
R¥k T oRA modifies it as:

w
"= W+ BA €]
where B € R¥" and 4 € R™ are trainable matrices,
with » <min(d, k). The learned update can be merged
at inference time, adding no extra latency.

Adapters. Adapter tuning inserts lightweight
bottleneck layers inside transformer blocks.> The
adapter output is:

Adapter(h)
=h + Wupo(Wiownh) 2)
Only adapter weights and the task head are trained.
This makes adapters useful when a single backbone
must support multiple tasks or languages.
3.5. Training and Evaluation Protocol

URLs and wuser mentions are normalized,
whitespace is cleaned, and punctuation, emojis, and
expressive repetitions are retained because they may
carry emotional information. For EmoMix-3L, the
code-mixed surface form is preserved without
transliteration. Each model uses its native tokenizer.

Models are trained using AdamW with early
stopping on validation macro-F1, and Jaccard score is
used for SemEval E-c. The learning rate is 2x107 for
FFT and 1x107* for PEFT heads. Batch size is 16 or
32, training runs for 5-10 epochs, weight decay is
1072, and warmup is 0.1. For multi-label tasks, sigmoid
activation with binary cross-entropy is used; for multi-
class tasks, softmax with categorical cross-entropy is
used. Macro-F1 is the primary metric because it treats
all emotion classes equally and is suitable for
imbalanced datasets.

4. RESULTS AND DISCUSSION

To keep the manuscript within the journal page

limit, Table 2 reports the strongest overall models and

the strongest standard-size backbone across all
datasets. Complete model-wise results for all
seventeen backbones under FFT, LoRA, and adapter
tuning can be provided as supplementary material.
Table 2: Compact summary of best-performing
models across datasets and tuning strategies.

FFT LoR Adapt
F1 AF1 erFl1

GoEmotio SONARf 0.94 0091 0.887

Dataset Model

ns 1 3
GoEmotio ELECTR  0.62 0.60 0.583
ns A-base- 8 2

disc.
SemEval- SONARY 0.64 0.62 0.607
2018 E-c 8 3
SemEval- ELECTR  0.63 0.60 0.590
2018 E-c A-base- 4 8

disc.
ArmanEm SONAR7 0.74 0.71 0.699
) 1 9
ArmanEm ELECTR 072 0.70 0.688
0 A-base- 6 5

disc.
EmoMix- SONARYT  0.57 0.56 0.551
3L 8 7
EmoMix- ELECTR 0.56 0.54 0.529
3L A-base- 1 3

disc.

TSONAR uses model-internal normalized scores for
accuracy; F1 is standard macro-F1.
4.1. Full Fine-Tuning Performance

Under FFT, ELECTRA-base-discriminator is the
strongest standard-size backbone across all four
datasets, reaching macro-F1 scores of 0.628 on
GoEmotions, 0.634 on SemEval-2018 E-c, 0.726 on
ArmanEmo, and 0.561 on EmoMix-3L. ELECTRA-
small also performs strongly, indicating that
ELECTRA’s discriminative pretraining objective
aligns well with the fine-grained -classification
demands of emotion detection.

Scaling from base to large gives modest gains for
RoBERTa and DeBERTa-V3 families, while
DistilBERT remains the weakest model across
datasets. BERTweet performs notably well on
ArmanEmo relative to GoEmotions, likely because
ArmanEmo includes social-media text from Twitter
and Instagram, which is closer to BERTweet’s
pretraining domain. SONAR achieves the highest
overall F1 on ArmanEmo, showing the value of
massively multilingual pretraining for non-English
emotion detection.

4.2. LoRA vs. Full Fine-Tuning

IJDDT, Volume 16 Issue 55s, 2026

Page | 1078



Research Paper

LoRA remains close to FFT in most settings. For
ELECTRA-base-discriminator, LoRA reaches F1
scores of 0.602, 0.608, 0.705, and 0.543 across
GoEmotions, SemEval-2018 E-c, ArmanEmo, and
EmoMix-3L, compared with FFT scores of 0.628,
0.634, 0.726, and 0.561. This shows that LoRA can
serve as a practical substitute for FFT when
computational resources are limited.

The main exception is EmoMix-3L. Code-mixed
text creates a stronger distribution mismatch because
of language switching, transliteration variation,
vocabulary overlap, and informal spelling. In this
setting, full end-to-end adaptation remains more useful
than low-rank updates alone. Therefore, FFT should
be preferred when the target data is highly code-mixed
or distribution-shifted.

4.3. Adapter Performance

Adapters generally perform below LoRA but
remain competitive. For ELECTRA-base-
discriminator, adapter F1 scores are 0.583, 0.590,
0.688, and 0.529 across the four datasets. Although
this is lower than LoRA, the gap is relatively small.
The main advantage of adapters is modularity:
separate adapters can be trained and swapped for
different tasks or languages without modifying the
frozen backbone. This makes adapters useful for
multi-task or multi-language deployment, even when
they are slightly weaker than LoRA in raw
performance.

4.4. Key Findings

Four important observations emerge from the
benchmark. First, ELECTRA-base-discriminator is
the strongest standard-size backbone across datasets
and tuning strategies. Second, LoRA is a reliable
alternative to FFT in most settings, usually with a
small F1 reduction. Third, adapters remain useful
when modular deployment is important, although they
generally perform below LoRA. Fourth, EmoMix-3L
is the hardest dataset across all strategies, confirming
that code-mixed emotion detection remains a
challenging open problem.

4.5. Representation Analysis

The t-SNE visualizations support the quantitative
findings but are omitted from the main manuscript to
satisfy the page limit. Under FFT, emotion
representations form clearer class clusters than under
LoRA and adapter tuning. LoORA maintains moderate
class separation, while adapter tuning shows greater
inter-class overlap. The overlap is strongest for
EmoMix-3L, further confirming that code-mixed
emotion detection is the most difficult setting in the
benchmark. Complete t-SNE plots can be provided as
supplementary material.

5. CONCLUSION

This paper presented a unified benchmark of FFT,

LoRA, and adapter tuning for emotion detection

across seventeen transformer backbones and four
diverse social text datasets. ELECTRA-base-
discriminator emerged as the strongest standard-size
backbone across datasets and tuning strategies. LoORA
achieved performance close to FFT in most settings,
making it a practical choice when computational
efficiency is important. Adapter tuning performed
slightly below LoRA but offered modular advantages
for multi-task and multi-language deployment.
Code-mixed emotion detection, represented by
EmoMix-3L, remained the most challenging setting
across all models and strategies. Future work should
explore stronger adaptation strategies for code-mixed
and low-resource social text, newer PEFT methods
such as TA3, and improved methods for handling label
imbalance in fine-grained emotion datasets.
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