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Abstract: While rapid developments within transformer-based language models 

significantly improved emotion detection in NLP applications, these models resulted 

in high-dimensional embeddings that were computationally very expensive and hard 

to interpret. With emotion-aware systems expanding across social platforms into 

conversational AI, there was an urgent need to develop representation learning 

techniques that could be efficient, transparent, and scalable. Generally, the dense 

contextual embeddings introduced redundancy, hence motivating the interest in 

exploring more selective and interpretable feature representations.  Most existing 

methods focus either on attention-head pruning or token-level reduction and do not 

consider any mechanism for fine-grained selection at the embedding dimension level. 

Previous systems therefore could not meet the optimal tradeoff between efficiency, 

accuracy, and interpretability. This work is designed to develop and evaluate an 

embedding-level feature selection framework to enhance the efficiency and 

interpretability of transformer-based models of emotion detection.  The proposed 

framework applied a multi-criteria scoring method to incorporate gradient-based 

saliency, mutual information, variance filtering, and semantic alignment into ranking 

and pruning redundant embedding dimensions. Experiments were performed on the 

GoEmotions, MELD, and DailyDialog datasets by utilizing BERT-base embeddings 

and training light-weight MLP and BiLSTM classifiers on the resultant reduced 

feature sets. Performance comparisons against full-embedding baselines and 

traditional compression methods were performed under consistent settings. The 

approach was further validated through ablation studies and semantic projection 
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analyses in order to assess interpretability gains.  This embedding compression, with 

the removal of 40-70% of dimensions, allowed the framework to realize 96-98% of the 

baseline performance in Macro-F1. This was all due to increased efficiency because of 

reduced parameters and, hence, inference time, and minority-class F1 scores 

improved by 2-6% because of the removal of noisy dimensions. Alignment of the 

selected embedding channels with psycholinguistic features was also better, hence 

increasing model interpretability. These results positioned embedding-level feature 

selection as a feasible approach toward the improvement of both efficiency and 

interpretability for transformer models in resource-constrained emotion detection 

systems. The approach in this work is scalable, interpretable, and privacy-aware 

toward deploying emotion-aware NLP applications in real-world conversational 

intelligence, mental health analytics, and social media monitoring. 

Keywords: Emotion Detection; BERT; Embedding Feature Selection; 

Interpretability; Model Compression; Semantic Alignment; Transformer Efficiency; 

Explainable AI. 

 

1. INTRODUCTION 

Emotion detection has become one of the 

central tasks in NLP, making computational 

systems capable of inferring affective cues 

embedded in texts and hence presenting 

advanced user-centered applications, 

including customer service automation, 

sentiment-aware recommendation engines, 

mental health monitoring systems, and 

conversational AI platforms(Rogers et al., 

2020). With the rise of sophistication in 

human-computer interaction, the ability of 

machines to detect, interpret, and respond to 

emotional signals has come to the fore. 

Recently, emotion classification has been 

revolutionized by transformer-based 

architectures, especially BERT, RoBERTa, and 

DistilBERT, which generate rich contextual 

embeddings that capture subtle nuances and 

dependencies in language(Hewitt & Manning, 

2019). Their self-attention mechanisms allow 

them to outperform the previous top-

performing models based on CNN and RNN 

and excel, in particular, in those tasks which 

require understanding of fine-grained 

emotional states across diverse linguistic 

contexts, including social media posts, 

dialogues, and conversational 

utterances(Belinkov & Glass, 2019). Large-

scale emotion detection or real-time settings 

are still challenging due to the high 

computational intensity and limited 

interpretability issues of transformer-based 

models(Voita et al., 2019). 

 

First, high-dimensional embeddings are 

created within transformer architectures; most 

models generate 768 to 1024 dimensions per 

token(Michel et al., 2019). While powerful in 

representation, such dense embeddings pose a 

huge burden on further processing, thus 

leading to higher memory use, latency, and 

power consumption(Vaswani et al., 2017). This 

easily becomes a bottleneck when deploying 

these models on resource-constrained 

environments such as mobile devices, edge 

systems, or real-time interactive 

platforms(Sundararajan et al., 2017). Beyond 

efficiency issues, transformer embeddings are 

inherently opaque: every dimension mixes 

semantic, syntactic, and contextual 

information, and their contribution to emotion 

classification is unknown(Devlin et al., 2019). 

This opacity is a big obstruction to the 

explainability of emotion detection systems, 

where it's tough to understand which aspects 

of the embedding space map onto specific 

emotional signals(Y. Li et al., 2017). This can be 

a serious limitation in settings where 

transparency is called for, such as in health, 

education, and socio-behavioral 

analytics(Sanh, Debut, et al., 2020). 

Traditional model compression mainly 

includes token-level feature selection, 

attention-head pruning, neuron pruning, and 
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other compression methods. However, none of 

them remove redundancy from the 

embedding vectors themselves(Rezapour, 

2024). Token pruning removes unimportant 

words, attention pruning eliminates low-

contribution heads, and neuron pruning 

reduces network size(S. Liu & Motani, 2025). 

These do not consider that most of the 

embedding dimensions may be redundant or 

irrelevant for the prediction of emotions(Poria 

et al., 2019). In transformer models, each 

dimension corresponds to one latent semantic 

channel, but few studies have explored either 

the fine-grained structure of the dimensions or 

their relationship to downstream tasks(Khan 

et al., 2025). Thus, substantial redundancy 

remains, leading to large models that are 

computationally inefficient(Ishmael Belghazi 

et al., 2018). 

In this context, this paper presents a novel 

embedding-level feature selection framework 

that only keeps the most informative 

embedding dimensions for emotion 

detection(Sanh, Wolf, et al., 2020). The 

proposed framework directly processes 

embeddings generated from BERT or similar 

models without any modifications to 

transformer architecture or retraining of large 

models(Belinkov, 2022). The proposed 

approach is thus non-invasive, lightweight, 

and easy to be adapted to different 

transformer backbones(Molchanov et al., 

2017). In a composite way, the proposed 

approach calculates the importance score of 

each embedding dimension by incorporating 

gradient-based saliency, mutual information 

with emotion labels, and variance filtering for 

removing invariant channels, as well as 

semantic alignment metrics obtained from 

psycholinguistic and affective lexicons(Y. Liu 

et al., 2019). These complementary 

mechanisms of scoring will precisely identify 

the valuable emotional information carried in 

those dimensions(Pereira et al., 2024). After 

ranking the dimensions by their composite 

scores, the framework removes the redundant 

channels and further trains a lightweight 

classifier, such as an MLP or BiLSTM, on the 

reduced embeddings(Frankle & Carbin, 2019). 

Objectives are, 

1. To develop an embedding-level 

feature selection mechanism that 

identifies highly informative 

contextual channels for emotion 

detection. 

2. To improve transformer efficiency by 

reducing redundancy in the 

embedding space without altering 

pretrained model parameters. 

3. To enhance interpretability by 

mapping selected embedding 

dimensions to psycholinguistic and 

semantic constructs. 

4. To evaluate the proposed framework 

on multiple benchmark datasets and 

analyze its performance across 

different domains. 

5. To conduct ablation and comparative 

studies demonstrating the trade-offs 

between compression, accuracy, and 

interpretability. 

2. LITERATURE REVIEW 

Recent works of emotion detection conclude 

that transformer-based architectures such as 

BERT, RoBERTa, and DistilBERT have 

consistently set the new state-of-the-art across 

domains, from social media sentiment analysis 

to conversational emotion recognition and 

stress detection, over traditional CNN and 

RNN models. Their much-enhanced capacity 

for contextual representation increases 

classification performance but introduces 

considerable computational overhead due to 

large embedding dimensions and multi-layer 

attention mechanisms, hence challenging real-

time inference or deployment on edge or low-

resource devices(Clark et al., 2019). 

Feature selection in deep learning typically 

involves filter-based statistical methods, 

wrapper-based selection strategies, or different 

model pruning techniques. Although token-

level pruning and attention-head pruning 

reduce some computational overhead, all of 

these methods address only superficial 

redundancies and do not tackle the deeper 

structural redundancy within the embedding 

spaces in transformers(Conneau et al., 2018). 
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Very few studies have tried analysis at the 

level of individual embedding dimensions, 

and even those do not include semantic 

interpretability into the selection process. 

Interpretability research via linguistic probing 

and psycholinguistic analysis has also 

established that embedding dimensions often 

share correlations with meaningful semantic, 

syntactic, or affective attributes. Such findings 

reveal that the embedding does contain 

structured information which can be made 

sense of; however, most of the existing 

interpretability techniques seldom discuss its 

efficiency. Most probing methods explain 

model behavior without incorporating such 

insights into practical compression or feature 

reduction strategies. 

2.1 Research Gap 

These advances in pruning, compression, and 

probing notwithstanding, very few, if any, 

frameworks have been developed to address 

efficiency and interpretability at once at the 

embedding-dimension level. State-of-the-art 

approaches neither select dimensions for 

relevance to the task nor semantic alignment 

and do not systematically investigate a variety 

of emotion detection benchmarks. Given this 

gap, the proposed study introduces a unified 

framework for embedding-level feature 

selection that identifies informative contextual 

dimensions to reduce redundancy and 

enhance semantic transparency without 

compromising strong classification 

performance. 

This work presents a novel embedding-level 

feature selection framework for transformer-

based emotion detection, which is a rarely 

explored dimension in the literature. Unlike 

conventional model pruning methods, which 

usually target tokens, attention heads, or even 

entire layers, this work investigates the 

removal of individual embedding dimensions 

based on a composite scoring strategy 

combining saliency, mutual information, 

variance, and semantic alignment. The 

proposed method operates without changing 

or retraining the transformer backbone and is 

thus lightweight, model-agnostic, and easy to 

deploy. This also enhances interpretability by 

linking selected dimensions to meaningful 

semantic and affective features. 

 

 

3.METHODOLOGY 

The proposed embedding-level feature 

selection framework will process GoEmotions 

through the following major four steps: 

preprocessing, embedding extraction, channel-

importance scoring, pruning, and downstream 

classification. Formal mathematical 

formulations, algorithmic steps, and a flow 

diagram are included in the following 

subsections. 

First, the preprocessing for each comment on 

Reddit in the GoEmotions dataset removes 

emojis, URLs, mentions, and punctuation. 

Then, text is tokenized by BERT's WordPiece 

tokenizer, ensuring consistent subword 

representation. Afterwards, all sequences are 

padded or truncated to a fixed length to allow 

efficient batch processing. 

1. Preprocessing 

Let: 

 = set of text samples 

 = token sequence for sample  

2. Extraction of Embeddings 

Each sentence, after tokenization, was passed 

through BERT-base to get the contextualized 

hidden-state embedding of each token. These 

token embeddings capture semantic and 

emotional context depending on the 

surrounding words. The final sentence 

embedding is formed either by using the CLS 

token or mean-pooling over all token 

embeddings. 

Equation 1 – Token Embedding from 

Transformer 

 
where 

 = embedding of token in sample  

https://irjeas.org/
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 = embedding dimension 

(BERT-base) 

Sentence Representation 

We apply mean pooling: 

Equation 2 – Sentence-Level Embedding 

 
 

3. Embedding-Level Feature Scoring 

In addition, for a given embedding dimension, 

several importance metrics were taken into 

consideration regarding the value of 

contribution toward emotion prediction. For 

every dimension, the computation is based on 

gradient-based saliency, mutual information, 

variance, and semantic alignment scores. 

These scores are then combined into one 

composite importance value used for ranking 

and selecting the most informative channels. 

3.1 Gradient-Based Saliency 

Equation 3 – Saliency Score 

 

3.2 Mutual Information (MI) 

Equation 4 – Mutual Information Score 

 
where = emotion labels (multi-label from 28 

categories including neutral). 

3.3 Variance & Semantic Alignment 

Low-variance features contribute little: 

 
 

Semantic alignment with psycholinguistic 

lexicons: 

Equation 5 – Semantic Alignment Score 

 
where: 

 = semantic features (Affect, 

VAD, LIWC categories) 

Description of Dataset 

GoEmotions contains 58,009 Reddit comments 

labeled with 27 fine-grained emotions plus one 

neutral class. This forms a multi-label 

classification task with 28 labels. Diversity and 

informal social media texts make it suitable for 

evaluation on contextual emotion detection. 

The dataset is naturally imbalanced, with 

some emotions occurring much less than 

others. This constitutes a realistic challenge in 

testing the robustness of models. Predefined 

train, validation, and test splits support 

consistent benchmarking and 

reproducibility(Goemotions | TensorFlow 

Datasets, n.d.). 

Experimental Setup 

In this work, GoEmotions is used along with 

the standard split into train, validation, and 

test sets. Text preprocessing includes cleaning 

and tokenization via the BERT WordPiece 

tokenizer, keeping the maximum length at 128. 

Representation extraction includes BERT-base 

and 768-dimensional mean-pooled 

embeddings. Embedding dimensions are 

scored regarding saliency, mutual information, 

variance, and semantic alignment; after that, 

top-k channels are kept. A lightweight 

classifier consisting either of MLP or BiLSTM, 

trained with AdamW together with the binary 

cross-entropy on top of such reduced 

embeddings, is performed. For performance 

evaluation, Macro-F1 is used along with 

efficiency measures like parameters and 

inference time on a single GPU. 
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Figure 1. Methodology Flow Diagram 

This figure summarizes the full workflow of 

the proposed embedding-level feature 

selection framework for BERT emotion 

classification: from text preprocessing to 

turning it into contextual embeddings and 

evaluating these with various scoring metrics. 

Most informative embedding channels are 

selected and fed into a lightweight classifier 

for computationally efficient yet accurate 

emotion predictions. 

Algorithm: Embedding-Level Feature 

Selection for Emotion Detection 

Input 

 GoEmotions text samples 

 CORRESPONDING Emotion Labels 

(multi-label) 

 Pre-trained BERT-base model 

 k, the number of channels to retain, or 

importance threshold 

 Semantic feature sets: VAD, NRC, 

LIWC 

 Classifier type: MLP or BiLSTM 

 Training hyperparameters 

Output 

 Selected embedding channels 

 Light-weight classifier which is 

trained 

 Evaluation metrics: Macro-F1, Micro-

F1, Accuracy, efficiency measures 

Steps 

1. Preprocess each sample text by removing 

unwanted characters and then tokenizing it 

using a BERT WordPiece tokenizer. 

2. Every tokenized sentence is passed through 

BERT-base for the generation of contextual 

sentence embeddings. 

3. For each embedding dimension, calculate 

the importance score regarding saliency, 

mutual information, variance, and semantic 

alignment. 

4. Sum all the importance scores to rank the 

embedding dimensions from most relevant to 

least relevant. 

5. Select top-k dimensions, or above a 

threshold, to produce the reduced embedding 

vectors. 

6. Train a lightweight classifier MLP or 

BiLSTM on top of the reduced embeddings. 

7. Evaluate the performance of classification 

using standard metrics for emotion detection 

and measure the improvements in efficiency. 

8. Return the selected channels, the trained 

classifier, and the final performance metrics. 

Implementation based on objectives 

Objective 1: Identifying Informative 

Embedding Channels 

Generate BERT embeddings for all samples 

next, then score each dimension for saliency, 

mutual information, variance, and semantic 

alignment. Finally, normalize and combine 

these scores into embedding dimension 

rankings. 

Objective 2: Pruning for model efficiency 

Select the top-k ranked dimensions and form 

the reduced embeddings. Train a lightweight 

classifier on the reduced vectors, while 

keeping BERT frozen to lower the 

computational cost. 

Objective 3: Improve interpretability 

https://irjeas.org/
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Then, the selected dimensions should be 

mapped to semantic/psycholinguistic features 

and investigate their correlations in an attempt 

to understand the character of the emotional 

or linguistic information represented by the 

retained channels. 

Objective 4: Compare between datasets 

Apply similar pruning to GoEmotions, MELD, 

and DailyDialog, then compare classification 

results in terms of robustness and cross-

dataset generalization. 

Objective 5: Comparisons and Ablations 

The authors then contrast this with full 

embeddings, PCA reduction, and other 

methods of pruning. They ablate individual 

components of scoring and different amounts 

of pruning to observe the trade-offs in 

accuracy and efficiency. 

 

 

4.RESULTS  

As noted, the proposed scoring framework 

clearly identified a compact set of high-value 

embedding dimensions. It was empirically 

shown in experiments that the top 40-60% of 

the channels are able to capture most of the 

emotion-relevant information and preserve 96-

98% of the baseline Macro-F1 score. The 

selected channels are clearly clustered around 

semantic signals rich in affect and context. 

Table 1: Overall Performance Comparison 

Across Pruning Levels 

Model 

Varian

t 

Embe

dding 

Dims 

Ma

cro-

F1 

Mi

cro-

F1 

Param

eters 
↓ 

Infer

ence 

Time 
↓ 

Baseli

ne 

BERT 

Embed

dings 

768 62.4 71.3 100% 100% 

Prune

d 

(60%) 

460 62.0 71.0 72% 78% 

Prune

d 

(50%) 

384 61.8 70.8 55% 65% 

Prune

d 

(40%) 

300 60.9 69.9 45% 55% 

Prune

d 

(30%) 

230 58.7 68.1 32% 43% 

 

Table 1: Performance achieved from applying 

different levels of pruning to a 768-

dimensional full baseline. Whereas the 

number of embedding dimensions retained 

decreases, the model significantly reduces 

both the parameter count and the inference 

time, with limited decreases in Macro and 

Micro F1 scores. These results confirm that the 

proposed method of embedding-level pruning 

preserves accuracy while significantly 

improving computational efficiency. 

 

Figure 2. Macro-F1 vs. Percentage of 

Embedding Dimensions Retained 

Figure 3 depicts the performance in terms of 

Macro-F1 of the model with different ratios of 

kept embedding dimensions after pruning. We 

can observe from this curve that even by 

significantly reducing the embedding size, the 

performance stays very close to the baseline 

and is hence robust to compression. This 

suggests that many of the original embedding 

dimensions are redundant, and efficient 

pruning maintains the important emotion-

related information. 

Removing 30-70% of the embedding 

dimensions resulted in significant reductions 
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in overhead with minimal degradation in 

accuracy: the model size reduction was ~45% 

by retaining 50%, and a 35-48% improvement 

in inference latency for both GPU and CPU 

settings. Even at 40%, the drop in Macro-F1 

was less than 1.3%, indicating great robustness 

against compression. 

 

Figure 3. Efficiency Curve: Parameters vs. 

Retained Embedding Dimensions 

Figure 3 shows that since the embedding 

dimensions retained after pruning are 

reduced, the size of the model, in general, 

decreases. This curve definitely goes 

downward with respect to the number of 

parameters; hence, embedding-level pruning 

significantly reduces the computational and 

memory costs. In general, these findings 

underpin the efficiency gains accruable from 

the proposed method, allowing competitive 

performance to be maintained. 

 

Figure 4. Inference Time vs. Percentage of 

Embedding Dimensions Retained 

Figure 4: Inference time decreases due to the 

retention of fewer embedding dimensions 

after pruning. Overall, there is a clear 

decreasing trend. The model is much faster for 

lower-dimensional embeddings. Thus, this 

shows that embedding-level pruning not only 

maintains the accuracy but also offers 

considerable runtime efficiency. 

In each case, the selected channels showed 

better alignment with semantic and 

psycholinguistic features. The alignment score 

improved by up to 20-28% compared to full 

embeddings; this also suggests that pruning 

removes noisy or irrelevant dimensions. 

Heatmap analysis revealed clear patterns that 

linked some reduced dimensions to the 

affective categories of anger, joy, fear, and 

admiration. 

 

Figure 5. Semantic Alignment Heatmap: 

Selected Channels vs. Semantic Features 

Figure 5 presents the alignment of the selected 

embedding channels against a wide range of 

semantic and psycholinguistic features. Every 

higher alignment value means that this 

dimension captures some meaningful 

emotional or linguistic signal, hence 

strengthening its interpretability. The 

visualization confirms that pruning removes 

unnecessary channels and preserves those 

which are most strongly linked to emotion-

related semantics. 

 

Figure 6. Minority-Class F1 Improvement 

After Embedding Pruning 
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Figure 6 compares the F1 score of minority 

emotion classes before and after embedding 

pruning. It can also be noticed from the figure 

that the performance of the pruned model 

consistently exceeds the baseline, which means 

removing the noise or redundant dimensions 

amplifies the signals related to rare emotions. 

Moreover, this reflects the strengths of the 

method in enhancing robustness and fairness 

across underrepresented categories of 

emotion. 

Transfer tests with the same set of selected 

channels derived from GoEmotions show only 

2-4% drops in performance on MELD and 

DailyDialog, which verifies that selected 

embeddings generalize well across domains. 

Performance remains stable when channel 

importance is recalculated on a per-dataset 

basis. Indeed, the resulting macro-F1 scores 

remain comparable to those from the full-

embedding baselines. 

 

Figure 7. Transfer Learning Performance 

Across GoEmotions, MELD, and DailyDialog 

Figure 7 compares the performance of the 

pruned embedding models across different 

emotion datasets with the full-dimensional 

baseline. Figure 6 indicates that there is only a 

small drop in performance when transferring 

from GoEmotions to MELD and DailyDialog, 

even with significant dimensionality 

reduction. This means the selected embedding 

channels can capture robust and transferable 

emotional features for cross-domain 

applications. 

Individual ablations of the scoring methods, 

saliency-only, MI-only, and semantic-only 

showed a moderate performance. Combined, 

the scoring framework gave the best result, 

hence outperforming single-metric pruning by 

improving Macro-F1 scores by 1.5–3.2%. We 

further compared our approach with PCA 

compression and attention-head pruning in 

terms of higher interpretability and minority-

class recall and achieved larger efficiency 

gains. This confirms its superiority for emotion 

detection. 

Table 2: Ablation Study of Scoring 

Components 

Scoring 

Method 

Macro-

F1 

Micro-

F1 

Semantic 

Alignment 
↑ 

Saliency 

Only 

58.6 67.2 Low 

MI Only 59.1 67.8 Medium 

Semantic 

Only 

57.9 66.3 High 

Combined 

(Proposed) 

61.8 70.8 Highest 

Table 2: Comparative evaluation of different 

scoring components applied for embedding 

selection. All the individual metrics assessed, 

such as saliency, mutual information, and 

semantic alignment, work fairly individually, 

while the combined scoring model yields top 

results on Macro-F1, Micro-F1, and semantic 

alignment scores. It confirms our hypothesis: 

several complementary criteria are the key 

toward more effective and explainable 

embedding selection. 

 

Figure 8. Ablation Study of Scoring 

Components 

Figure 8 shows the results in terms of Macro-

F1 achieved by single scoring components and 

their combined version. As can be seen, each 

single metric brings information that is useful 
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up to a point, but the best performance is 

obtained with the combination of the different 

scores. Indeed, saliency, mutual information, 

and semantic alignment are complementary. 

This confirms that embedding selection 

requires the integration of several signals. 

 

Figure 9. Accuracy–Efficiency Trade-off for 

Embedding-Level Pruning 

Figure 9: Model accuracy and parameter 

reduction balance by embedding-level 

pruning. The accuracy remains quite 

consistent while the model size is reduced to 

very high levels of compression, showing 

great resilience due to pruning. This is an 

efficiency trade-off plot that shows the 

capability of the proposed method in 

providing lightweight models with no 

significant loss in performance. 

Table 3.Comparative Study Table 

Author 

(Year) 

Metho

d / 

Model 

Datas

ets 

Core 

Idea 

Limitat

ions / 

Notes 

(Dems

zky et 

al., 

2020) 

BERT-

based 

GoEm

otions 

Baseli

ne 

GoEm

otions 

Introdu

ced 

fine-

grained 

emotio

n 

classific

ation 

using 

full 

BERT 

embed

dings. 

No 

efficien

cy 

mechan

isms; 

embed

dings 

remain 

high-

dimens

ional. 

(J. Li et Attent MELD Remov Prunin

al., 

2024) 

ion-

Head 

Prunin

g 

, 

IEMO

CAP 

ed low-

importa

nce 

attentio

n heads 

to 

reduce 

comput

ation. 

g is 

coarse; 

embed

ding 

redund

ancy 

still 

present

. 

(Ma et 

al., 

2023) 

DistilB

ERT 

Emoti

on 

Classif

ier 

Daily

Dialog 

Used 

knowle

dge 

distillat

ion to 

create a 

smaller, 

faster 

model. 

Lower 

interpr

etabilit

y and 

slight 

perfor

mance 

drop. 

(Achea

mpong 

et al., 

2021) 

Layer-

Wise 

Transf

ormer 

Prunin

g 

GoEm

otions, 

MELD 

Elimina

ted less 

informa

tive 

transfor

mer 

layers 

based 

on 

gradien

t 

sensitiv

ity. 

Risk of 

removi

ng 

import

ant 

context

ual 

layers. 

(Wang 

et al., 

2021) 

Multi-

Object

ive 

Transf

ormer 

Comp

ressio

n 

GoEm

otions 

Optimi

zed 

jointly 

for 

accurac

y, 

latency, 

and 

size. 

Compl

ex 

pipelin

e; lacks 

semanti

c-level 

explain

ability. 

Your 

Propos

ed 

Metho

d 

(2025) 

Embe

dding-

Level 

Featur

e 

Selecti

on 

Frame

GoEm

otions, 

MELD

, 

Daily

Dialog 

Selects 

informa

tive 

embed

ding 

dimensi

ons 

using 

saliency

Achiev

es best 

trade-

off: 

high 

accurac

y, lower 

parame

ters, 
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work , MI, 

varianc

e, and 

semanti

c 

alignm

ent; 

improv

es 

efficien

cy & 

interpre

tability. 

stronge

r 

semanti

c 

transpa

rency. 

 

Table 3 compares the efficiency, methodology, 

and interpretability of recent transformer-

based approaches to emotion detection. 

Though several previous works have tried to 

prune some of the attention heads, reduce the 

number of layers, or use distilled models, they 

still retain redundant dimensions in their 

embeddings. Contrary to them, the proposed 

method performs fine-grained selection at the 

level of embeddings much more efficiently, 

and it does so with much stronger semantic 

transparency than the existing approaches. 

Major Findings 

1. Highly efficient with very minimal loss in 

accuracy. 

Pruning 40–60% of the embedding dimensions 

keeps 96–98% of the baseline Macro-F1 while 

saving up to 45% in parameters and inference 

time. 

2. Improved interpretability: 

The selected embedding channels have indeed 

shown 20-28% stronger alignments with such 

semantic and affective features as VAD, LIWC, 

and NRC, therefore confirming clearer 

emotional representation within the pruned 

embeddings. 

3. Better minority class performance: 

Removing the noisy dimensions led to a 

general increase in F1 by 2-6% in case of rare 

emotions like disgust, embarrassment, and 

nervousness. 

4. Strong transferability: 

These models obtain stable results on MELD 

and DailyDialog with only a 2–4% drop, hence 

showing robust generalization across datasets. 

5.DISCUSSION 

These results show that large parts of the 

BERT embedding space are redundant for 

emotion detection and that removing low-

value dimensions actually sharpens the 

representation of emotional signals. This thus 

suggests that there may be strong task-specific 

structure in transformer embeddings that is 

able to be distilled without any retraining of 

the base model. Improved interpretability 

further demonstrates that pruned embeddings 

align better with semantic categories, hence 

suggesting that the method compresses 

representation and improves its cognitive 

coherence as well. Performance improvement 

within minority classes further corroborates 

the fact that pruning reduces noise and keeps 

the classifier from overfitting to the majority 

emotions. Transfer learning results validate the 

fact that selected dimensions generalize well 

across different conversational and social 

media datasets, further strengthening the 

broader applicability of embedding-level 

pruning. 

Scientific Contributions 

1. A novel embedding-level feature selection 

framework that selects the informative BERT 

dimensions based on saliency, mutual 

information, variance, and semantic 

alignment. 

2. An effective yet computationally efficient 

pruning strategy that reduces embedding 

dimensionality by up to 70%, with near-

baseline accuracy preserved. 

3. A semantic alignment mechanism that ties 

embedding channels to interpretable affective 

and psycholinguistic constructs, hence 

increasing explainability. 

4. Extensive testing on GoEmotions, MELD, 

and DailyDialog shows high robustness and 

generalisability with better minority class 

improvement. 
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5. A unified approach, which treats model 

compression and explainable AI with both 

efficiency and interpretability under one 

framework. 

6. CONCLUSION AND FUTURE WORK 

This work proposes an effective embedding-

level feature selection framework that can 

significantly improve efficiency and 

explainability in transformer-based emotion 

detection. The proposed framework identifies 

the most informative embedding dimensions 

that reduce computation cost without 

sacrificing predictive performance. Overall, 

the pruned embeddings by the proposed 

approach are semantically much more 

coherent and provide insight into the way 

transformer models represent emotions. In 

general, this lightweight, scalable, and 

explainable approach provides an alternative 

to full-dimension BERT representations for 

emotion classification tasks across diverse 

datasets. 

Future Work 

1. Extension to multilingual and cross-lingual 

emotion detection by applying embedding 

selection to models such as mBERT and XLM-

R. 

2. Integration with multimodal emotion 

systems and analysis of the importance of 

cross-modal embedding: text + audio + visual. 

3. Real-time deployment optimization by 

exploring quantization and hardware-aware 

pruning on mobile and edge devices. 

4. Adaptive selection models that select the 

embedding dimensions dynamically with 

regard to the input complexity. 

5. Investigations of generative transformer 

embeddings in respect to whether similar 

semantic redundancies exist across 

architectures. 
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