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Abstract

The growing prevalence of hate speech in multilingual and code-mixed social media environments necessitates
robust fine-grained detection models capable of capturing semantic, contextual, and language-specific variations.
In this study, a Swish Activated Deep Neural Bi-directional Gated Recurrent Unit with Contextual Information
(SADNB-CI) is developed for fine-grained hate speech detection across Tamil, English, and Tanglish social media
text. The proposed framework addresses the limitations of existing hate speech detection approaches by integrating
Global Dense Vector Representation-based embedding, Swish-activated convolution, max pooling, CNN-based
feature representation, BIGRU-based sequential modelling, and contextual information learning for multi-label
classification. Separate embedding representations are generated for Tamil, English, and Tanglish inputs, while
convolutional filters extract discriminative local features and the BiGRU layer captures forward and backward
contextual dependencies. Contextual hate speech categories, including community-based, religion-based, gender-
based, and political hate speech, are incorporated to enhance the distinction between hate speech and non-hate
speech and to support fine-grained classification. The SADNB-CI model is evaluated using the Al Tamil Hate Speech
Detector dataset with precision, recall, accuracy, and false positive rate as performance metrics. Experimental
findings demonstrate that the proposed model outperforms k-means+textGCN and t-HateNet across Tamil, English,
and Tanglish samples by achieving higher precision, recall, and accuracy while reducing the false positive rate. The
results indicate that the integration of Swish-activated CNN feature extraction with BiGRU-based contextual
learning improves multilingual and code-mixed hate speech detection, thereby establishing SADNB-CI as an
effective approach for fine-grained social media hate speech classification.

Keywords: Hate Speech Detection, Global Dense Vector Representation, Swish Activation, Bi-direction Gated
Recurrent Unit, Contextual Information.

1. Introduction

K-means+textGCN classifier with BERT was proposed in [1] with three different Turkish hate speech datasets.
However, it failed to analyze false positive rate. Transfer learning method called, t-HateNet was proposed in
[2] for English language. However, precision and recall were not focused. Binary classification method was
proposed in [3]. Uncertainty-aware cross-modal alignment (UCA) method was proposed in [4]. In [5], recurrent
neural network classifier was proposed. Deep learning methods were applied in [6]. LSTMwas presented in [7].
ML and DL investigated in [8]. Multilingual embedding model was designed in [9]. Fusion approach presented
in [10].Sequential model was designed in [10]. Contributions of work are followed as, To propose fine-grained
hate speech detection method called, SADNB-CI. To implement Global Dense Vector Representation-based

Vol.6, No.6s, 2026 945


http://www.svedbergopen.com/

www.svedbergopen.com International Journal of Artificial Intelligence and Machine Learning

embedding to map speech obtained from social media and generates three embedding layers separately for
Tamil, English and Tanglish. To apply consolidated network layer advantage of both CNNs and BiGRU networks
by synthesizing their outputs to generate new model for generating accurate results. To prove SADNB-Clfine
grained hate speech detection with minimal FPR. To simulation analysis and performance of proposed SADNB-
Clagainst existing methods.

2. Related works

Systematic review of hate speech detection was proposed in [12]. ML and DL techniques were presented in
[13]. Review of DL techniques was investigated in [14]. DL and hate-speech detection methods were designed
in [15]. Challenges of hate speech detection were investigated in [16]. ML and DL were presented in [17]. DNN
proposed in [18-19] for hate speech classification. Application of Bidirectional encoder representation
designed [20]. Roman Urdu text was presented in [21]. LSTM presented in [22] ML for hate speech detection
was analyzed in [23]. DL using multiple text datasets was presented in [24].K-means with feed forward neural
networks were designed in [25] for clustering and classification of English. Previous existing studies did not
identify false positive rate. To address these issues, Proposed SADNB-CI designed using DNN concept. DNN
used for hate speech detection in [26], [27], [28], [29] with different language such as Tamil, English and Urdu
etc.

3. Methodology

Objective of this work is to identify maximum number of hate speech ‘HS’ related classes from Al Tamil Hate
Speech Detector dataset extracted from https://github.com/dreamspace-academy/ai-tamil-hate-speech-
projectas by users. It is classified into two classes either Hate Speech 'HS'or Non-Hate Speech'NHS'. This
section introduces a comprehensive representation of the method architecture proposed in this work.
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Figure 1 Structure of SADNB-CI fine grained hate speech detection

Figure 1 shows the architecture of proposed SADNB-CI fine grained hate speech detection method. From above
figure, the problem statement IS represented as follows. For baseline model, conventional machine learning
based classifiers were employed and made a detailed comparison and the necessitated features was extracted
using tf-idf models. In contrast, proposed method with preprocessed and selected features as input using
convolution process employing multiple filters present in intermediate layers performs the process of
classification of hate speech in an accurate and precise manner. The proposed method consists of string
embedding and convolutional layers integrated to BiIGRU with Contextual Information fine-grained hate speech
detection.

3.1 Input and Global Dense Vector Representation-based Embedding Layer

Global Dense Vector Representation-based (GloDenseVe) embedding layer is utilized for converting the speech
obtained from social media into a numerical vector shape. Here the Global Dense Vector Representation-based
embedding layer represents the generation of three distinct embedding layers. The term embedding here maps
the speech obtained from social media and produces a speech matrix. With this generated speech matrix the
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number of strings in each sample makes the use of padding proportionate. After successful padding each
sample has a specified number of strings that say'N i.e., ST = {ST1,ST>,...,STv}'. Now from the Global Dense
Vector Representation-based embedding model for all terms 'N' the respective preprocessed samples vector
extracted and concatenated in conjunction to form a sample matrix ' P' with a size of ' N*d'where ' N'denotes
the number of strings and 'd 'representing the proposed word embedding dimension. Then the embedding

layer has a matrix 'EM 'of vocabulary size 'V, ' and each row of ' EM ' contains the vector representation of

string in the vocabulary. Then, the vector 'e, ' for each string'ST,' the embedding layer generates matrix

multiplication results as given below.

e, =ST*EM, where EM =e,,e,,...,e, of sizeN*d (1)

From (1) results string embedding matrix (embedding layer) 'EM 'is updated during training process by
reducing a loss function with reference to the parameters of the model (with respect to the string'S7, 'and 'd'

dimension of dense words to be learned). String embedding matrix of corresponding string embedding layer
learns to encapsulate the semantic correlations between strings in the vocabulary. Embedding matrix 'EM ' is
then augmented or fed as input to following layers of DNN for facilitating processing and classification. This
work has created three distinct embedding layers, one for generating vectors for Tamil strings, second for
generating vectors for English string and third for generating vectors for Tanglish respectively.

3.2 Swish Activated-Convolution Layer

It is one of crucial elements of Deep Convolutional Neural Networks. It comprises of learnable filter'ST e R™"'
,where ' N' represents the number of strings and 'd'is the dimensions. This filter is utilized in extracting local
features by convolving on 'N' strings at time and performs element-wise dot product to acquire feature 'F''
with acquiring more informative words or informative strings that boost the overall method performance. This
convolution layer applies 128 filters of size 3 to input sequence (i.e. preprocessed samples), generating 128
feature maps as output. Output of convolution operation is then passed through Swish activation function.

H, = Swish(P)= WU +B(2)
U- [ P*;j (3)

l+e”

From (2) and (3), 'i','j' represent point of output feature map with 'k' denoting kernel size, ' Swish(P)'
Swish activation function for corresponding preprocessed samples. Filter weights'/#;' are learned to acquire
significant patterns from corresponding preprocessed samples and term bias 'B' is included to each output of
corresponding feature map with putting in place shift in activation function. Resulting output feature map
consists of set of activation values denoting presence of different patterns (Tamil, English and Tanglish) in
preprocessed samples.

3.3 Max Pooling Layer

Also pooling layer is utilized to pool out indispensable features from the extracted set of features. Convolution
process utilized the extracted features ' ES' from the preprocessed samples 'P'to convolve and activate them.
However, it is not mandatory that all extracted features ' ES'from the preprocessed samples are predominant
one. In additional with the intent of minimizing the computing overhead of the model, the selected but
indispensable features required to be carried on with. By applying pooling minimizes the vector representation
spatial size therefore aiding in getting along with overfitting. The most prevalent pooling operation is
performed using max over time pooling operation that takes into consideration the local maximum value to
encapsulate the indispensable features from convoluted feature map results.Max pooling layer with pooling
window of size '2'expressed below.

Q, =max{ES,, .ES,, .. ES, 5 5s--.) (4)

From (4), 'Q;'forms ' j —th' output of 'i —th'feature map post max pooling with'ES; 2;',' ESi.2, +1'is outputs
of prior convolution layer at points '2'and '2 j+1".

3.4 CNN Output Layer
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Output layer constitutes fully connected dense layer with ReLu activation function that returns the
maximum of 0 and the input value that denotes that any negative values are set to 0.

Resqy =0 =f (W P+B)(5)

From (5), 'Q' and 'P' is output and input layer uses weight '/, bias ' B'by ReLU activation function ' /.
3.5 BiGRU with Contextual Information Fine-Grained Hate Speech Detection

BiGRU, a type of RNN, is specifically utilized in sequential modeling issues formulating series from forward and
backward handlings. In BiGRU, forward ‘GRU’ and backward ‘GRU’ GRUs combined to recover successive
‘(f; to f;,5)" and previous feature series ‘(f;,5 to f;)’. Proposed method retrieves forward and backward series
possessing contextual information (i.e., hate-speech related categories, community-based, religion-based,
gender-based and political) by BiGRU layer on convoluted pooled layer output. Fine-grained task employed
involved multi-label classification. Figure represents Contextual Information fine-grained hate speech
detection employed. For each speech and its respective contextual information, first category necessitated to
mark whether speech is hateful or not. According to mentioned categories, speech regarding hateful or non
hateful is analyzed.

/ INput: Feature Series/

Is it hateful
specch?

Yes

Fine-grained
using BIGRU

o I
Categories of specech ret
P

Figure 2 BiGRU with Contextual Information Fine-Grained Hate Speech Detection

From above figure, with feature series (preprocessed and selected features) provided as input are subjected to
BiGRU-based sequential modeling. Fine-grained task involving multi-label classification based analysis is
performed. Categories included in dataset for multi-label classification formulated.
comm = comm+1(6)
rel =rel +1(7)
gen=gen+1 (8)
pol =pol+1 (9)
From equations (6), (7), (8) and (9), clustered categories stored in form of vector as given below.

Cat = [comm, rel,gen,pol] (10)
From (10) fine-grained hate speech detection for four different categories performed. Equations (11) and (12)
given below denotes results from BiGRU with Contextual Information in forward and backward handlings
respectively. Then, BIGRU with Contextual Information output is the hate-incorporating representation of
preprocessed feature extracted input text by combining the contexts from the forward and backward
handlings. BiGRU with Contextual Information-based representation for given convoluted pooled layer output,
denotes concatenation of forward ' ESpr', backward ' ESp ' and hidden states respectively.

ES,, =GRU(Cat(0,[P])) (VES,,, =GRU(Car(Q,[P]))12)

Finally equation (11) and (12) given above denotes combined Contextual Information-based representation
series as a final hidden state ' /' that is passed to fusion layer to produce resultant predicted output results.

Re SB[GRU = H! = |:ESfor s ESback:| (13)

From (13), multi-label output is designed that concurrent prediction call-to-action label (' HS'or' NHS")
respectively.
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3.6 Model fusion

Consolidated network layer in our proposed method takes advantage of both CNNs and BiGRU networks by
synthesizing their outputs to generate a new model. With output of each neural network i.e., CNN and BiGRU
network being a vector characterization, Consider output tensor from CNN as Res,.,, and output tensor from

BiGRU network as Res,,;,,, , then resultant consolidated network layer is formulated as given below.
Res=Res y @Resyqp, (14)

From (14), © represent element-wise operation being performed by combing both tensor outputs.

3.7 Fine-Grained Training
Training process for fine-grained models with output of the model being a vector of probabilities for
each output variable (four characteristics plus call-toaction), a multi-label loss function is employed that takes
into consideration the probability of each class separately. 'Cat' be number of output variables (4 in our case),
‘Q € {0,1}9 the true label vector and ‘Q’ € [0,1]°®"’ the predicted probabilities. Loss function defined as given

below.
Cat

L(Res,Res')=> "L, (Res,Res") (15)
L,,(Res;,Res' )=—Reslog(Res')—(1—Res)log(1—Res')(16)
Where, Re s is true label results (‘0’ or ‘1") and ‘Res'’ is predicted results for binary detection (' HS' or ' NHS'

).

4. Experimental setup
Proposed SADNB-CI, existing [1], [2] evaluated using Al Tamil Hate Speech Detector dataset in Python working
on MS Window platform with several metrics.
4.1 Performance analysis of Tamil, English and Tanglish
Precision, recall and accuracy involved in hate speech detection for Tamil, English and Tanglish is analyzed in
[27], [30].
__IP (17)

TP+ FP
Rec=—"_(18)

TP+ FN
TP+TN (19)

TP+FP+TN+FN
From (17), (18) and (19), '7P', 'TN'is true positive and negative, ' FP', 'FN'js false positive, and negative.

Pre

Acc =

Table 1 Precision, recall and accuracy analyses using SADNB-CI, k-means+textGCN [1] and t-HateNet
[2] fine grained hate speech detection (English)

Sampl | Precision rate (English) Recall rate (English) Accuracy (English)
es
SADNB- | k- t- SADNB- | k- t- SADNB- | k- t-
CI means+ | HateNe | CI means+t | HateNet | CI means+  HateN
textGC | t[2] extGCN [2] textGC | et[2]
N [1] [1] N [1]
10000 | 97.53 92.15 86.35 98.59 90.35 82.35 96.5 91 87
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10000

Table 1 shows tabulation of precision, recall and accuracy for English. From the above tabulation for 10000
samples, where the precision, recall and accuracy using SADNB-CI method for English was found to be 97.53%,
98.59% and 96.5% respectively whereas using the existing methods [1] and [2] it was found to be 92.15%,
86.35%, 90.35%, 82.35%, 91% and 87% respectively.

Table 2 Precision, recall and accuracy analyses using SADNB-CI, k-means+textGCN [1] and t-HateNet [2]

97.7

97.28

97.16

97.03

97.02

97

96.15

95

93.25

90

89

88.15

87

85.35

85

84.15

83

82.15

85

84

83.15

82

80

79.35

79

75

74.15
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98.35

98.43

98.42

98.29

98.21

98.16

97.75

97.6

97.55

fine grained hate speech detection (Tamil)

89.15

88

87.55

87.35

87

86.35

86.15

86

85.25

82

81

79.55

79

78.35

78.15

78

77.55

77

96.1

96.11

96.05

96

95.83

95.71

95.12

95

94.9

90

88.35

88

87.15

86

85.35

84

83

82

85

82

81

80

78

75

72

70

69
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Sampl
es

10000
20000
30000
40000
50000
60000
70000
80000
90000
10000
0

Precision rate (Tamil)

SADNB- | k-

CI means
+textG
CN [1]

97.98 95

97.33 93

96.73 91

96.58 90

95.15 88

95 86

93.15 84.35

92 82

91 81

90 80

t-
HateN
et [2]

90
88.35
87
84
83.25
81
80
79.55
78

77.35

International Journal of Artificial Intelligence and Machine Learning

Recall rate (Tamil)

SADN
B-CI

98.35
98.05
98
97.65
97.35
96
95.85
94
90

89

k-
means+t
extGCN
[1]
92.15

90

88.35

85

82.15

81

80.35
78.15

78

77.35

t-
HateNe
t[2]

90.25
88.55
87.35
83
79.15
78
77.55
77.25
77

76.35

Accuracy (Tamil)

SADNB-
CI

96
95.2
94.83
94.37
94.2
92.83
91
90.75
89.35

89

k-

means+t

extGCN
(1]
94

92

90
89.35
89

87
86.35
84

82

81

t-
HateNet
(2]

90
88
86
85.35
85
84
83
81.15
81

80

Table 2 illustrates tabulation of precision, recall and accuracy using three methods. From Table 2 above for
10000 samples, where the precision, recall and accuracy using SADNB-CI method for Tamil speech from social
media was observed to be 97.98%, 98.35% and 96% respectively whereas using the existing methods [1] and
[2] it was found to be 95%, 90%, 92.15%, 90.25%, 94% and 90% respectively.

Table 3 Precision, recall and accuracy analyses using SADNB-CI, k-means+textGCN [1] and t-HateNet [2]
fine grained hate speech detection (Tanglish)

Precision rate Recall rate Accuracy
(Tanglish) (Tanglish) (Tanglish)
k- k- k-
S 1 mea t- t- mea t-
amples SAD ns+t | Hate SAD | mean Hate SAD ns+t | Hat
NB- NB- | s+text NB-
cl extG | Net cl GCN Net cl extG | eNe
CN [2] [1] [2] CN | t[2]
[1] [1]
10000 93'9 93;'1 90 | 989 96 91 | 942 | 92 88
20000 el 92 88.4 | 987 93.15 90 92.9 90 86
3 5 7 5
94.4 98.4 87.2 | 91.5
30000 4 90 85 6 92 5 3 88 85
40000 93;'8 90 83 9;'7 90 85 9?5'8 85 82
50000 93.9 | 883 | 821 1 97.6 89 82 | 90.6 @ 83 80
2 5 5 6
60000 %;'7 87 80 9!75'4 88.45 80 | 90.2 81 78
70000 9%__"7 84 78 96;'9 83.15 78 83'7 80 75
919 | 82.1 96.7 89.5
80000 5 5 77 5 82 75 - 78 73
90000 9\}3'7 81 7%3 92'2 80 73 8?'9 75 72
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95.7

100000 90 80 75

78.45

71

88.4

5

73

71
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Table 3shows tabulation of precision, recall and accuracy for three methods for Tanglish speech. From above
tabulation for 10000 samples, where the precision, recall and accuracy using SADNB-CI method for
Tanglishwas observed to be 96.92%, 98.9% and 94.2% respectively whereas using the existing methods [1]
and [2] it was observed to be 93.15%, 90%, 96%, 91%, 92% and 88% respectively.The overallprecisionis
improved using proposed SADNB-CI method by 12%, 20% (English), 9%, 14% (Tamil) and 8%,
15%(Tanglish)over to [1] and [2]. Overallrecallenhanced using proposed SADNB-CI method by 12%, 24%
(English), 15%, 17% (Tamil) and 12%, 21% (Tanglish)over [1] and [2]. Overallaccuracyimproved using
proposed SADNB-CI method by 11%, 24% (English), 6%, 10% (Tamil) and 10%, 15% (Tanglish)over [1] and

[2].

4.2 Performance Analysis of False Positive Rate ‘FPR’

It evaluated as percentage ratio between number of negative events wrongly categorized as positive.

FPR = P (20)
FP+TN

Table 4 False Positive Rate Analysis

False Positive
Rate (%) - English

Samples SAD lr;ean ;at
NB- | s+text | eNe
| GON |t

[1] [2]

10000 245 | 295 2.1

20000 2.85 | 3.25 2'3

30000 3 355 2'8

40000 315 385 | 4

50000 335 | 4 ;}.3

60000 4 435 g'8

70000 415 | 455 2'1

80000 425 | 4.85 2'8

90000 455 | 5 ?'2

100000 5 535 |7

False

Positive

Rate (%) - Tamil

SA
DN
B-
CI

1.3
5
1.7
5
2.1
5
2.3
5
2.5
5
2.8
5

3

3.1
5
33
5
3.5
5

k-
mea
ns+t
extG
CN

[1]
1.75

2.25
2.45

2.95

3.15
3.35
3.85
4

4.35

t_
Hate
Net

(2]

2.25
2.55
2.85
3.15
3.35
3.55
3.85
4

4.35

4.55

False Positive
Rate (%) -
Tanglish
k-
SA | mea |t
DN | ns+t | Hate
B- extG | Net
CI CN [2]
(1]
2 255 | 285
2.1 2.75 | 3.15
5
2.5
5 3 3.35
2.8 3.35 | 3.70
5
3 355 |4
ol 395 435
3.3
5 4 4.85
3.5
5 425 |5
38 445 | 5.25
5
4 5 5.85

Table 4 shows tabulation of False Positive Rate using three methods. However from the above simulation for
10000 samples, the false positive rate using SADNB-CI method reduced for English, Tamil and Tanglishwas
found to be 2.45%, 1.35% and 2% respectively. Also, the false positive rate minimized for English, Tamil and
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Tanglish2.95% and 3.15%, 1.75% and 2.25%, 2.55% and 2.85% using [1] and [2] respectively.Overall false
positive rate of SADNB-CI method improved by 12%, 22% (for English speech), 17%, 25% (for Tamil speech),
and 18%, 28% (for Tanglish speech) respectively.

5. Conclusion

Proposed SADNB-CI fine grained hate speech detection has been presented withGlobal Dense Vector
Representation-based embedding, Swish Activated convolution and BiGRU with Contextual Information fine-
grained hate speech detection in three different languages, Tamil, English and Tanglish. Proposed SADNB-CI
provides better precision, recall, accuracy and FPR as compared to the existing similar methods. Results of
SADNB-CI showreducedfalse positive rate by 17%, 21% and 23% for English, Tamil and Tanglish hate speech
detection.
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