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Spoken language understanding (SLU) relies on intent detection and slot filling to interpret user 
utterances accurately. However, existing joint learning frameworks struggle to generalize across 
minority intent classes and paraphrase queries. They depend heavily on token-level embeddings and 
classification losses such as cross-entropy, which do not explicitly model semantic similarity. To address 
this limitation, this study proposes a Siamese-Based Metric Joint Learning model for Intent Detection 
and Slot Filling (SBJLIS). The model uses triplet loss optimization to enhance semantic distance 
learning between utterances. Unlike standard cross-entropy training, triplet loss enforces separation 
between dissimilar classes and brings semantically related sentences closer in the embedding space. 
This approach improves both discrimination and generalization. SBJLIS employs a unified two-stage 
SLU framework. The first stage uses a Siamese network for metric-based similarity learning. The 
second stage integrates an attention-based joint decoder for simultaneous intent detection and slot 
filling. By aligning embedding geometry with multi-task objectives, the model improves semantic 
discrimination and robustness to class imbalance and linguistic variation. Experimental results show 
that SBJLIS achieves 98.87% accuracy and 98.60% F1-score on the ATIS dataset, and 99.61% accuracy 
and 98.68% F1-score on SNIPS, outperforming all existing baselines. These findings confirm that 
metric-based similarity learning offers an interpretable and generalizable foundation for advanced 
conversational AI systems.
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Spoken language understanding (SLU) is a core component of modern conversational AI, enabling systems 
such as virtual assistants and chatbots to interpret user utterances and extract structured meaning from natural 
language input1,2. It comprises two interdependent tasks: intent detection, which identifies the user’s goal, 
and slot filling, which extracts semantic entities related to that intent3–5. Early SLU systems treated these tasks 
independently in a pipeline configuration, where errors in intent detection propagated to slot filling, reducing 
overall performance6. To overcome this limitation, joint learning frameworks were introduced to model the 
interdependence between the two tasks, improving contextual representation and performance. Architectures 
such as the slot-gated7, bidirectional joint networks8, and co-interactive models like CEA-Net9 demonstrated 
improved performance by sharing contextual representations.

Despite these advances, joint learning models continue to face challenges. Many struggle to generalize to 
minority intent classes, where frequent classes dominate6. Furthermore, models often fail to handle semantic 
variation and paraphrasing effectively; for example, the utterances “Book a flight to Paris” and “Reserve a ticket 
for Paris” may express the same intent but yield inconsistent predictions. Most existing frameworks rely on 
token-level embeddings and cross-entropy-based optimization, which overfit to frequent patterns and fail to 
capture broader semantic similarity across utterances. While metric learning methods such as Siamese networks 
with triplet loss have achieved strong results in domains like face recognition10 and speaker verification11, their 
integration into end-to-end joint SLU architectures remains limited and underexplored.
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To address these limitations, this study proposes the Siamese-Based Metric Joint Learning for Intent 
Detection and Slot Filling (SBJLIS). SBJLIS integrates a Siamese network encoder for metric learning with an 
attention-based joint decoder, enforcing similarity-based distance constraints to shape a semantically structured 
embedding space. This design explicitly aligns embedding geometry with multi-task objectives, allowing the 
model to discriminate between semantically close and distant intents while improving robustness to class 
imbalance and linguistic variation. Unlike prior contrastive-learning or attention-only approaches, SBJLIS 
establishes a unified metric–attention model that couples Siamese-based representation learning with joint 
intent–slot decoding.

The main contributions of this study are as follows:

•	 A unified Siamese-based joint learning framework that integrates metric learning and attention mechanisms 
to simultaneously perform intent detection and slot filling, improving contextual discrimination and inter-
pretability.

•	 Triplet-loss-based metric optimization that explicitly structures the embedding space, enhancing generaliza-
tion to minority intent–slot pairs and improving semantic compactness across linguistically varied utterances.

•	 A two-stage end-to-end SLU pipeline that bridges semantic similarity modeling and multi-task learning, cou-
pling embedding geometry with joint decoding objectives for balanced and robust performance across both 
imbalanced (ATIS) and balanced (SNIPS) datasets.

Related work
Joint learning architectures
Early approaches to SLU treated intent detection and slot filling as independent tasks in a pipeline, where the 
output of intent classification fed directly into slot filling. Although simple, such architectures suffered from 
error propagation, where intent misclassification degraded slot filling performance6. To address this, joint 
learning frameworks were introduced to train both tasks simultaneously, improving contextual representation 
and information sharing12.

The slot-gated model7 used a gating mechanism to control information flow between tasks, while bi-
directional joint networks8 modeled dependencies in both directions. More recently, CEA-Net9 incorporated 
co-interactive mechanism to refine intent–slot representations dynamically. Despite these advances, most of 
these architectures rely heavily on token-level embeddings, limiting their ability to generalize to minority intents 
and paraphrased utterances.

Metric learning and contrastive representation in NLU
Metric learning has emerged as an effective means of improving semantic representation robustness by organizing 
embedding spaces according to distance-based similarity rather than discrete classification boundaries13. Early 
studies such as LIDSNet14 demonstrated how Siamese networks with contrastive loss enhance intent separability 
by modeling relationships between semantically related utterances. Building on this foundation, recent research 
has advanced contrastive representation learning in NLU to improve discrimination, and generalization in low-
resource and cross-domain scenarios. Yang15 combined mutual-information maximization and contrastive 
learning to enhance the discriminability of intent keywords and strengthen few-shot robustness. Chen16 
proposed the PFE-NBCC framework to strengthen feature extraction and clustering for new-intent discovery. 
Zhang17 designed a contrastive task-adaptation model that leverages self-attention and contrastive objectives to 
adapt to unseen tasks, tackling the overreliance of few-shot models on base-class knowledge. Xu18 developed 
a dual-level contrastive learning approach for cross-domain named-entity recognition, aimed at mitigating 
representation confusion between entity and non-entity tokens during domain transfer. Complementing these 
advances, Soleymanbaigi19 proposed an encoder–decoder factorization model optimized with β-divergence to 
refine latent representations, enhance cluster separability, and improve interpretability through reconstruction 
consistency and manifold regularization.

These studies collectively illustrate a shift toward contrastive and metric-based representation learning, 
emphasizing adaptive sampling and embedding-space refinement. However, most of these works focus on 
representation separation for single tasks, not on joint intent–slot modeling. This motivates a more integrated 
approach that couples metric-based similarity learning with multi-task decoding, forming the conceptual basis 
of the proposed SBJLIS.

Attention and similarity fusion
Attention mechanisms enhance SLU performance by enabling models to focus on semantically important tokens. 
Co-interactive attention frameworks such as CEA-Net9 and transformer-based SLU models20 capture both local 
and global contextual dependencies, improving interpretability and dynamic token interactions. However, these 
models typically employ attention as a feature-weighting mechanism detached from any distance-based metric 
objective. This separation limits their ability to align token-level relevance with semantic-space geometry, which 
could otherwise improve compactness, interpretability, and generalization.

Despite substantial progress across joint learning, metric learning, and attention-based modeling, no prior 
work unifies triplet-loss-driven metric learning with attention-guided joint decoding in a single end-to-end 
SLU architecture. Works such as LIDSNet14 and Yang15 employed Siamese or contrastive encoders but focused 
solely on intent classification, without extending metric supervision to slot filling or joint decoding. Conversely, 
attention-based architectures like CEA-Net9 improved token-level interaction but lacked embedding-space 
regularization, leading to overfitting in semantically overlapping or minority intents.

The proposed Siamese-Based Joint Learning for Intent Detection and Slot Filling (SBJLIS) addresses this 
methodological gap through a unified two-stage framework. In the first stage, triplet-based metric pretraining 
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shapes a semantically coherent embedding space by enforcing compactness among similar utterances and 
separation among dissimilar ones. In the second stage, attention-enhanced joint decoding leverages these 
structured embeddings to dynamically align token importance with sentence-level semantics.

This alignment between embedding geometry and joint decoding offers two key benefits. Theoretically, it 
couples metric geometry with joint decoding objectives. Empirically, it improves generalization under class 
imbalance and linguistic variation, which remain major challenges in SLU research.

Proposed methodology
This section presents the proposed SBJLIS model. The model’s novelty lies primarily in its two-stage training 
framework, consisting of Siamese triplet-based pretraining for discriminative sentence embedding learning and 
attention-based joint fine-tuning for multi-task optimization.

Model overview
As shown in Fig.  1, SBJLIS begins with a triplet construction stage that generates anchor, positive, and 
negative utterance samples from the training dataset. These are passed through a Siamese encoder to produce 
discriminative sentence embeddings optimized via triplet loss. The learned embeddings are then transferred 
into a shared BiLSTM–attention joint decoder. During this second phase, the Siamese weights are fine-tuned 
jointly with the downstream network, ensuring full end-to-end optimization. See Algorithm 1 for the complete 
training procedure.

Triplet selection
Triplet selection is the first phase of the model pipeline, responsible for organising training data into structured 
triplets. Each triplet comprises:

•	 Anchor (A): A reference input query (e.g., “book a flight to Boston”)

Fig. 1.  SBJLIS two-stage architecture. Stage-1: a Siamese learns sentence embeddings with triplet loss using 
anchor–positive–negative triplets. Stage-2: the pretrained encoder initializes an attention-based joint decoder; 
sentence-level context supports intent classification while token-level states support slot filling.
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•	 Positive (P): A semantically similar query from the same intent class (e.g., "I want to reserve a ticket to Chi-
cago")

•	 Negative (N): A semantically dissimilar query from a different intent class (e.g., "what is the lowest fare from 
Denver to Atlanta").

This setup ensures that the anchor and positive share the same intent label, while the negative introduces 
semantic contrast, enabling the network to minimize intra-class distances and maximize inter-class separability. 
To maintain balanced class representation and stable convergence, uniform random sampling is used by 
selecting positives from the same intent class and negatives from different ones, which reduces class-frequency 
bias and ensures proportional contribution of all intents during training. This uniform random strategy serves 
as a baseline for future enhancements involving semi-hard or hard-negative mining approaches.

Siamese network encoder
Once the triplets are generated, the samples are fed into a Siamese network encoder consisting of BiLSTM layers. 
This network is trained with triplet loss to produce sentence embeddings that represent semantic proximity. The 
training process consists of three key steps: embedding generation, distance calculation, and loss optimization, 
all of which contribute to refining the model’s ability to generalize across diverse user queries.

Embedding generation
The model begins with feature representation using pre-trained Word2Vec embeddings, which map each input 
token to a dense vector representation. These embeddings are derived from a large corpus of 100 billion words 
from the Google News dataset21 and are known to capture rich semantic relationships between words.

Given an input sequence X = (x1, x2, . . . , xT ), the Word2Vec embedding layer transforms each token xi 
into a vector E (xi) resulting in the embedding matrix:

	 E = [E (x1) , E (x2) , . . . , E (xT )] ∈ RT ×d� (1)

where T  is the sequence length and d is the embedding dimension.
These embedding vectors are then fed into the BiLSTM layer, which captures contextual dependencies in 

both forward and backward directions. The forward (
−→
h t) and backward 

(←−
h t

)
 hidden states at each time step 

are computed as:

	
−→
h t = LST Mforward

(
E(xt),

−→
h t−1

)
∈ Rh� (2)

	
←−
h t = LST Mbackward

(
E(xt),

←−
h t−1

)
∈ Rh� (3)

	
Ht =

[−→
h t;

←−
h t

]
∈ R2h� (4)

The final output Ht is the concatenation of the forward and backward hidden states at each time step, producing 
context-aware feature embeddings for the anchor (HA), positive (HP ), and negative (HN )  samples.

Distance calculation
After generating the contextual embeddings, the model computes the squared Euclidean distances between the 
anchor–positive and anchor–negative pairs within a shared d-dimensional semantic space:

	 dAP = ∥HA − HP ∥2
2� (5)

	 dAN = ∥HA − HN ∥2
2� (6)

where  dAP  is the distance between anchor and positive and dAN  is the distance between anchor and negative.

Loss optimization
To enforce the desired separation between similar and dissimilar samples, the model employs the triplet loss 
function, which ensures that the anchor is closer to the positive than to the negative by at least a predefined 
margin α. The triplet loss is defined as:

	
Losstriplet = 1

m

m∑
i=1

max(0, dAP − dAN + α)� (7)

where m is the total number of triplets in a batch, α is the margin hyperparameter that enforces a sufficient gap 
between positive and negative pairs.

If the condition dAP + α < dAN  is met, the loss is zero, indicating a well-learned separation. Otherwise, the 
loss penalizes insufficient separation, prompting the network to adjust embeddings for better class discrimination.
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Attention based joint decoder for intent detection and slot filling
In this stage, the optimized semantic embeddings from the Siamese network are further processed in a multi-
task learning framework. This framework consists of three components: a shared BiLSTM layer for contextual 
encoding, an attention mechanism to highlight salient information, and dual output heads for intent classification 
and slot tagging.

Shared BiLSTM layer
To capture sequential dependencies across the input, the optimized embeddings S = (s1, s2, . . . , sT ) ∈ RT ×d 
are passed through a shared BiLSTM network. This layer models both forward and backward temporal context, 
producing richer token-level representations:

	
−→
h t = LST Mforward

(
st,

−→
h t−1

)
� (8)

	
←−
h t = LST Mbackward

(
st,

←−
h t−1

)
� (9)

	
Ht =

[−→
h t;

←−
h t

]
∈ R2h� (10)

where 
−→
h t and 

←−
h t represent the hidden states from the forward and backward LSTMs at time step t, and Ht is 

the concatenated hidden state representing the contextualized representation of token t.
This layer serves as a common encoder for both the intent detection and slot filling tasks, enabling knowledge 

sharing across objectives.

Attention mechanism
To enhance the model’s ability to focus on semantically important tokens, an attention mechanism is applied 
to the BiLSTM outputs. This mechanism enables the model to assign varying levels of importance to each 
token based on its relevance to the overall sentence meaning. The attention process begins by calculating a raw 
attention score for each token at a given time step t, denoted as et:

	 et = tanh (W aHt + ba)� (11)

where W a and ba are learnable parameters, while Ht represents the contextual BiLSTM output at time step t.
The attention scores et are then normalized using the Softmax function to produce attention weights at, 

defined as:

	
at = exp(et)∑T

k=1exp(ek)
� (12)

These weights quantify the relative contribution of each token to the overall sentence representation. Subsequently, 
the model computes a context vector c as a weighted sum of all BiLSTM hidden states, using the formula:

	
c =

T∑
t=1

atHtϵR2h� (13)

The resulting vector c serves as a global summary of the input sequence, selectively emphasizing more informative 
tokens based on their attention scores. This contributes to the downstream intent classification task by providing 
a semantically rich and focused representation of the entire sentence.

However, for the slot filling task, instead of using the sentence-level context vector c, a token-wise granularity 
is used by assigning an attention weight at to each token representation Ht, producing a refined hidden state (

H̃t

)
 for each token:

	 H̃t = atHt� (14)

Separating sentence-level and token-level representations allows the model to handle information at different 
semantic granularities. The sentence-level context vector captures global intent semantics, providing holistic 
understanding of the utterance, while the token-level states preserve fine-grained contextual cues essential for 
slot labeling. This distinction prevents interference between the two objectives, enabling the model to optimize 
intent and slot predictions more effectively and improving both accuracy and interpretability.

Multitask output
To predict the user’s intent, the attention-derived sentence vector c, which encapsulates the global semantics of 
the input sequence, is processed through a Softmax classifier.

	 yi = Softmax (W ic + bi)� (15)

where W i, and  bi  are the learnable parameters, and yi is the predicted distribution over possible intent classes.

Scientific Reports |         (2026) 16:2223 5| https://doi.org/10.1038/s41598-025-31864-8

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


For slot filling, the attention refined token vector H̃t is passed through a Softmax layer for slot filling:

	
ys = SoftMax

(
W s • H̃t + bs

)
� (16)

where W s, and bs are learnable parameters, and ys is the probability distribution over slot labels for token t.
The model jointly optimizes both intent detection and slot filling under a unified multi-task learning objective 

expressed as:

	
p

(
yi, ys|x

)
= p

(
yi|x

)
.

n∏
t=1

p (ys
t |x)� (17)

where p
(
yi|x

)
 is the probability of predicting the correct intent given x, and  p (ys

t |x) is the probability of 
predicting the correct slot label for token t given x.

This joint optimization encourages the model to share and reuse meaningful linguistic features across 
both tasks, thereby enhancing overall accuracy, and generalization capability. The training process of SBJLIS, 
encompassing both the Siamese metric training and the attention-based joint fine-tuning stages, is summarized 
in Algorithm 1.

Algorithm 1 Two-stage training procedure for SBJLIS.
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Experimental setup
This section details the experimental settings used to evaluate the effectiveness of the proposed SBJLIS. The 
setup includes dataset description, preprocessing, hyperparameter configuration, baseline comparisons, 
computational cost, and evaluation metrics.

Datasets and preprocessing
The proposed SBJLIS model was evaluated on two widely recognized benchmark datasets for SLU: ATIS and 
SNIPS. These datasets provide complementary characteristics, with ATIS representing a domain-specific and 
imbalanced corpus, while SNIPS offers multi-domain.

	1.	 ATIS—A domain-specific dataset containing queries related to flight reservations. It is heavily imbalanced, 
with approximately 75% of intent samples belonging to the atis_flight category. This imbalance presents chal-
lenges in generalization and learning effective class distributions.

	2.	 SNIPS—A multi-domain dataset covering diverse user queries related to music, weather, restaurant book-
ings, and creative works. It features a more balanced intent distribution and varied linguistic expressions, 
making it suitable for assessing the model’s generalization capability.

Table 1 summarizes the key statistics of the ATIS and SNIPS datasets, including the number of intents, slot labels, 
and the sizes of the training, test, and validation sets.

Both datasets were used in their standard cleaned form, containing only lowercase tokens and no special 
characters. Utterances were tokenized using the Keras Tokenizer, converting words into integer sequences based 
on the training vocabulary. Out-of-vocabulary words were mapped to a reserved index. Sequences were post-
padded to the maximum observed lengths (46 tokens for ATIS and 35 for SNIPS) to ensure uniform input 
dimensions. Intent labels were one-hot encoded, while slot annotations followed the Inside–Outside–Beginning 
(IOB) tagging format. Slot sequences were padded to align with tokenized utterances, maintaining sequence 
integrity.

Hyperparameters
Hyperparameter optimization was performed through grid search and empirical tuning to ensure stable 
convergence and strong generalization across datasets. Each parameter range was selected based on prior studies 
in deep learning for natural language understanding7,22,23 and validated experimentally on the ATIS and SNIPS 
datasets. The final configurations and their rationale are presented below.

	1.	 Triplet margin: Values in the range [0.1–1.0] are tested, consistent with standard metric-learning practices 
where normalized embeddings typically exhibit Euclidean distances within [0, 2]. A margin of 0.1 achieves 
the most stable convergence, providing the best balance between intra-class compactness and inter-class 
separability.

	2.	 Batch size: Batch sizes from 16 to 512 are evaluated to balance gradient diversity and convergence stability. 
A smaller batch size of 16 performs best on the imbalanced ATIS dataset, as higher gradient noise improves 
exposure to minority intents. In contrast, the balanced SNIPS dataset performs optimally with a batch size of 
512, which stabilizes gradient updates and enhances training efficiency.

	3.	 Dropout rate: Dropout rates between 0.1 and 0.5 are explored. A 0.3 dropout rate is applied after the em-
bedding layer to regularize feature extraction, while 0.5 dropout is applied after the shared BiLSTM layer to 
prevent neuron co-adaptation. These values yield the best validation performance without hindering conver-
gence.

	4.	 BiLSTM hidden state size: A grid search across 64 to 256 hidden units identifies 128 units per direction as 
the optimal size for the Siamese stage, balancing computational efficiency and representational strength. In 
the joint learning stage, 200 units per direction further enrich contextual representation without overfitting, 
ensuring adequate depth for both sentence-level and token-level learning.

	5.	 Regularization: L2 weight regularization is applied to dense layers. Coefficients between 0.0001 and 0.01 are 
examined, with 0.01 yielding the best trade-off between complexity control and performance stability.

	6.	 Optimizer and learning rate: The Adam optimizer is adopted for its adaptive learning capability. Learning 
rates between 0.0001 and 0.01 are tested, and 0.001 provides the most stable and consistent convergence 
across experiments.

	7.	 Epochs and early stopping: All models are trained for 10 epochs with early stopping based on validation loss. 
In preliminary trials, convergence typically occurred within 8 epochs on ATIS and 10 on SNIPS.

	8.	 Number of runs and statistical reliability: Each experiment is repeated five times, and results are reported 
as the mean ± standard deviation to reduce the influence of initialization variance and confirm statistical 
robustness.

Dataset No. intents No. slots Training set Test set Validation set

ATIS 21 128 4478 893 500

SNIPS 7 72 13,084 700 700

Table 1.  Summary of the ATIS and SNIPS datasets used for model evaluation.
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The model is implemented in Python 3.11.5 using TensorFlow 2.15.0 and Keras 2.15.0. All experiments are 
conducted on a Windows 10 environment with an Intel Core i7 (3.0 GHz) processor and 16 GB RAM. SBJLIS 
remains lightweight, comprising 2.25 million parameters (8.6 MB) and achieving an average inference time of 
5.8 ms per utterance, demonstrating its computational efficiency and suitability for real-time SLU applications.

Baseline models
Although Siamese networks have been applied to intent detection in prior studies, to the best of our knowledge, 
no existing work has extended this architecture to the joint learning of intent detection and slot filling. This study 
addresses that gap by adapting the Siamese framework to simultaneously perform both tasks within a unified 
model.

For comparative evaluation, the proposed SBJLIS model is benchmarked against the following baseline 
models:

	1.	 Slot-Gated7—Introduces a slot-gated mechanism to capture and leverage the relationship between intent 
detection and slot filling, thereby enhancing the performance of both tasks.

	2.	 LIDSNet14—Employs a deep Siamese network to learn sentence representations for intent detection. It 
achieves competitive accuracy with a relatively small model size, making it suitable for on-device deploy-
ment.

	3.	 Bi-directional joint learning model8—Utilizes a bidirectional inter-task learning mechanism to enhance mu-
tual performance between intent classification and slot filling, yielding improved accuracy on benchmark 
datasets.

	4.	 CTRAN20—An encoder–decoder architecture that integrates BERT embeddings, convolutional layers, and 
Transformer blocks for joint intent detection and slot filling.

	5.	 CEA-Net9—Incorporates a co-interactive external attention mechanism to capture complex interactions be-
tween intent and slot representations, improving spoken language understanding accuracy.

Evaluation metrics
The evaluation of the proposed SBJLIS model aligns with its two-phase architecture, with each phase using 
metrics suited to its objectives.

Phase I—Metric evaluation for Siamese network
In the first phase, the Siamese network is trained using triplet loss, which encourages embeddings of semantically 
similar utterances to be close while pushing apart those of dissimilar utterances.

Performance at this stage is monitored using the following metrics:

•	 Training loss—The average triplet loss computed over each training batch.
•	 Validation loss—The triplet loss computed on a held-out validation set to assess embedding generalization.

Both training and validation losses were recorded across different margin values and batch sizes to determine 
optimal configurations for semantic separation.

Phase II—task-level evaluation for joint learning
In the second phase, the learned sentence-level embeddings are fed into the joint BiLSTM–attention model for 
simultaneous intent detection and slot filling.

Intent detection accuracy  For intent detection, the model’s performance is evaluated using accuracy, defined 
as:

	
Accuracy = No. of correct intent prediction

No. of utterances
� (18)

Slot filling—span-based micro-averaged F1-score  For slot filling, the span-based micro-averaged F1-score is 
reported, following the standard evaluation protocol in SLU literature9,24–26. In this approach, a predicted slot is 
considered correct only if both the slot type and the exact span boundaries match the ground truth. This avoids 
inflated scores from partial token matches and ensures direct comparability with prior work.

The span-based micro-averaged F1-score is computed by first aggregating the true positives, false positives, 
and false negatives across all slot types and then calculating the overall precision, recall, and F1-score as follows:

	
P recision = T rue positives

T rue positives + F alse positives
� (19)

	
Recall = T rue positives

T rue positives + F alse negatives
� (20)

	
F 1 − score = P recision.Recall

P recision + Recall
� (21)

Here, true positives refer to correctly predicted slot spans, false positives to predicted spans not in the ground 
truth, and false negatives to ground truth spans missed by the model. The use of span-based evaluation ensures 
a rigorous and fair assessment of the slot filling task, particularly in datasets containing multi-token slot entities.
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Results and discussion
The results are presented in two stages, reflecting the two-phase training strategy of SBJLIS: Siamese network 
embedding learning, and attention-based joint decoder using the learned embeddings.

Siamese network embedding learning
Impact of triplet loss margin
The triplet margin controls separation between dissimilar samples and therefore shapes the embedding geometry. 
Tables 2 and 3 show clear patterns. On ATIS, small margins (0.1–0.2) minimize validation loss and keep train–
val gaps small. For example, at margin 0.1 with batch 16, losses are 0.0073 and 0.0151, which indicates good 
generalization. As the margin exceeds 0.4, the gap widens; at margin 1.0 with batch 512, validation loss rises to 
0.1459. Consequently, large margins over-separate classes.

SNIPS exhibits the same trend. Margins of 0.1–0.2 yield the lowest validation losses (down to 0.00449). 
In contrast, margins above 0.4 degrade learning because strict constraints hinder smooth transitions among 
semantically related intents.

These results show that smaller margins create compact yet flexible embeddings that preserve local semantic 
continuity, improving generalization. Conversely, larger margins push samples too far apart, breaking semantic 
continuity and limiting the model’s ability to capture related intents, especially in minority classes. This aligns 
with metric learning theory, where moderate margins promote an optimal equilibrium between intra-class 
cohesion and inter-class separation, supporting adaptive discrimination across variable data distributions22.

Effect of batch size on performance
Batch size plays a central role in determining the stability and generalization of neural models. It influences 
gradient noise, convergence speed, and embedding compactness. Examining its effect reveals how training 
behavior adapts to dataset balance and class overlap, particularly under the optimal triplet margin configuration 
(0.1).

Margin

SNIPS dataset

Batch size

16 32 64 128 256 512

Loss Val_loss Loss Val_loss Loss Val_loss Loss Val_loss Loss Val_loss Loss Val_loss

0.1 0.00221 0.00628 0.00200 0.00846 0.00200 0.00702 0.00191 0.00552 0.00227 0.00645 0.00336 0.00449

0.2 0.00477 0.01254 0.00297 0.01215 0.00322 0.01166 0.00309 0.01009 0.00393 0.01025 0.00591 0.00715

0.3 0.00475 0.01875 0.00388 0.01533 0.00428 0.01792 0.00453 0.01316 0.00606 0.01420 0.00913 0.01029

0.4 0.00597 0.01522 0.00495 0.01599 0.00557 0.01910 0.00580 0.01702 0.00822 0.01697 0.01270 0.01127

0.5 0.00680 0.02096 0.00605 0.02143 0.00681 0.02240 0.00755 0.02079 0.00845 0.01958 0.01688 0.01218

0.6 0.00721 0.02708 0.00675 0.02571 0.00819 0.02684 0.00941 0.02312 0.00854 0.02478 0.02137 0.01811

0.7 0.00886 0.02947 0.00777 0.02509 0.00928 0.02515 0.01093 0.02578 0.02428 0.01960 0.02428 0.01960

0.8 0.01032 0.03339 0.00923 0.02839 0.01114 0.03364 0.01325 0.02857 0.01970 0.02727 0.02878 0.02662

0.9 0.01202 0.03280 0.01015 0.02753 0.01273 0.04063 0.01461 0.03074 0.02275 0.03720 0.03650 0.02769

1.0 0.01162 0.03805 0.01176 0.03281 0.01256 0.0405 0.01492 0.03164 0.02595 0.04321 0.04175 0.02889

Table 3.  Training and validation loss for Siamese network on SNIPS dataset.

 

Margin

ATIS dataset

Batch size

16 32 64 128 256 512

Loss Val_loss Loss Val_loss Loss Val_loss Loss Val_loss Loss Val_loss Loss Val_loss

0.1 0.0073 0.0151 0.0065 0.0151 0.0065 0.0151 0.0065 0.0152 0.0078 0.0153 0.0095 0.0158

0.2 0.0111 0.0220 0.0130 0.0217 0.0115 0.0262 0.0132 0.0226 0.0170 0.0259 0.0277 0.0307

0.3 0.0153 0.0255 0.0145 0.0332 0.0154 0.0287 0.0193 0.0291 0.0256 0.0337 0.0427 0.0428

0.4 0.0180 0.0305 0.0193 0.0343 0.0210 0.0341 0.0275 0.0378 0.0352 0.0459 0.0589 0.0572

0.5 0.0208 0.0399 0.0223 0.0372 0.0273 0.0454 0.0341 0.0438 0.0448 0.0543 0.0783 0.0729

0.6 0.0260 0.0387 0.0256 0.0388 0.0316 0.0401 0.0416 0.0530 0.0564 0.0706 0.0971 0.0882

0.7 0.0311 0.0460 0.0314 0.0503 0.0369 0.0483 0.0482 0.0557 0.0674 0.0743 0.1181 0.1037

0.8 0.0347 0.0453 0.0348 0.0683 0.0424 0.0545 0.0572 0.0693 0.0797 0.0892 0.1398 0.1210

0.9 0.0413 0.0490 0.0393 0.0729 0.0472 0.0639 0.0690 0.0733 0.0905 0.0948 0.1612 0.1381

1.0 0.0478 0.0614 0.0376 0.0647 0.0427 0.0631 0.0766 0.0820 0.1073 0.1223 0.2226 0.1459

Table 2.  Training and validation loss for Siamese network on ATIS dataset.
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For ATIS, validation loss remains nearly constant (~ 0.015) across batch sizes at margin 0.1, showing that its 
domain-specific and imbalanced data require minimal gradient stabilization. However, larger batches combined 
with higher margins (≥ 0.5) induce overfitting, as reflected by a sharp increase in validation loss (from 0.0614 at 
batch 16 to 0.1459 at batch 512). Smaller batches (16–64) perform better by introducing beneficial stochasticity 
during optimization, which helps capture minority intents. Conversely, SNIPS benefits from larger batches due 
to its balanced and multi-domain nature. At margin 0.1, validation loss decreases from 0.00628 (batch 16) to 
0.00449 (batch 512), signifying smoother gradient updates and more stable embedding learning.

The t-SNE visualizations in Figs. 2 and 3 clearly illustrate these patterns. In ATIS (Fig. 2), embeddings remain 
moderately compact across all batch sizes, but larger batches (≥ 256) show tighter, rigid clusters that risk over-
separation. Smaller batches exhibit slight overlap among clusters, improving the representation of minority 
intents.

In SNIPS (Fig. 3), as batch size increases from 16 to 512, clusters become progressively cleaner and more 
distinct, reflecting enhanced inter-intent separation and reduced ambiguity among overlapping classes. These 
structural differences align with the quantitative findings: smaller batches favor diversity and regularization in 
imbalanced corpora, while larger batches stabilize training for balanced, linguistically varied datasets.

These results show that the interaction between batch size and dataset distribution determines embedding 
cohesion and generalization. Smaller batches enhance robustness on skewed datasets like ATIS, whereas 
larger batches yield superior structure and convergence on balanced datasets such as SNIPS. Aligning batch 
configuration with dataset characteristics thus ensures efficient learning and optimal embedding geometry.

Siamese-based joint model for intent detection and slot filling
This section evaluates the effectiveness of the sentence embeddings generated by the Siamese network when 
integrated into the attention-based joint learning model. The embeddings serve as inputs to an attention 
mechanism that dynamically assigns token importance, allowing the model to focus on the most informative 
words for both intent detection and slot filling. All reported results represent the mean ± standard deviation over 
five independent runs to ensure statistical reliability.

The evaluation proceeds in two stages. First, the model is trained and tested with embeddings produced 
under different triplet loss margins to observe their influence on class separability and downstream performance. 
Second, the best-performing margin configuration is re-evaluated across varying batch sizes to examine how 
training stability and generalization respond to different gradient update conditions. Together, these analyses 
reveal the interaction between metric-based pretraining, attention-driven decoding, and dataset characteristics.

Table 4 and Fig. 4 summarize the performance of SBJLIS across different triplet loss margins. Small margins 
(0.1–0.2) consistently yield the highest accuracy and F1-scores for both datasets. For ATIS, a margin of 0.1 
achieves 98.87 ± 0.02% accuracy and 98.60 ± 0.04% F1-score, while SNIPS reaches 99.23 ± 0.01% accuracy 
and 98.43 ± 0.03% F1-score. Larger margins (> 0.4) progressively reduce performance as embeddings become 
excessively separated, weakening semantic cohesion among related intents. Conversely, smaller margins preserve 
local relationships, allowing the attention layer to capture subtle contextual overlaps between tokens. The low 
standard deviations further confirm the model’s stable convergence and repeatability across runs.

The impact of batch size was then analyzed using the best-performing margin setting (0.1). Results in Table 
5 show that for ATIS, smaller batches (16–32) produce superior accuracy and F1-scores, reaching 98.87 ± 0.02% 
and 98.60 ± 0.04%, because frequent updates increase exposure to minority classes in the imbalanced dataset. 
In contrast, SNIPS benefits from larger batches (128–512), which improve gradient stability and convergence, 
achieving 99.61 ± 0.02% accuracy and 98.68 ± 0.03% F1-score. These outcomes demonstrate how dataset balance 
dictates the optimal batch configuration: smaller batches introduce beneficial gradient noise in skewed data, 
while larger batches support consistent learning in balanced corpora.

The t-SNE visualizations in Figs.  2 and 3 further illustrate these trends. In ATIS, smaller batches form 
overlapping but semantically meaningful clusters that preserve minority-intent structures, while very large 
batches compress the embedding space and reduce intra-class variation. For SNIPS, larger batches produce 
cleaner and more distinct clusters, confirming stable representation learning under balanced distributions. 
These visual results align closely with the quantitative findings, showing that optimal embedding compactness 
and separation depend on both dataset structure and training configuration.

The results show that SBJLIS achieves its best results when small triplet margins (0.1–0.2) are paired with 
dataset-specific batch sizes. These settings generate compact yet discriminative embeddings that enable the 
attention layer to model intent–slot dependencies more effectively. Performance gains arise from the synergy 
between metric-based pretraining, which enhances feature separability, and attention-based fine-tuning, which 
sharpens token relevance during decoding. Performance declines under large margins or poorly tuned batch 
configurations, where embeddings become rigid and less responsive to contextual variation.

Comparison with baseline
Table 6 and Fig. 5 present the comparison between the proposed SBJLIS model and five baseline models on 
the ATIS and SNIPS datasets. SBJLIS improves accuracy by ≈ 1.7% and F1-score by ≈ 2.8% on average. The 
model achieves the highest results across all settings, showing consistent performance on both imbalanced and 
balanced datasets. These gains come from the combined effect of Siamese metric learning and attention-based 
joint decoding, which enhance contextual discrimination and preserves semantic precision for intent detection 
and slot filling.

Paired two-tailed t-tests at a 95% confidence level confirm the statistical reliability of these improvements. 
The results in Tables 7, 8, 9 and 10 show detailed outcomes for each dataset and metric. Tables 7 and 8 report 
ATIS results for accuracy and F1-score, while Tables 9 and 10 present the same for SNIPS. All p-values are 
below 0.05, and the confidence intervals are narrow. The mean performance differences range between 1 and 3 
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Fig. 2.  t-SNE visualization of sentence embeddings for different batch sizes (16–512) on the ATIS dataset 
at margin 0.1. Smaller batches generate moderately overlapping clusters that preserve minority intent 
representation.
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Fig. 3.  t-SNE visualization of sentence embeddings for different batch sizes (16–512) on the SNIPS dataset at 
margin 0.1. As batch size increases, clusters become cleaner and more distinct, demonstrating improved inter-
intent discrimination and reduced semantic overlap in balanced multi-domain data.
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Models Batch_size

ATIS SNIPS

Accuracy (%) F1-score (%) Accuracy (%) F1-score (%)

SBJLIS_1 16 98.87 ± 0.02 98.60 ± 0.04 99.23 ± 0.01 98.43 ± 0.03

SBJLIS_1 32 98.87 ± 0.03 97.93 ± 0.04 99.37 ± 0.02 98.47 ± 0.03

SBJLIS_1 64 98.43 ± 0.04 97.90 ± 0.05 99.34 ± 0.03 97.72 ± 0.04

SBJLIS_1 128 98.24 ± 0.04 97.61 ± 0.04 99.61 ± 0.02 98.50 ± 0.03

SBJLIS_1 256 97.99 ± 0.05 97.72 ± 0.05 99.57 ± 0.02 98.49 ± 0.03

SBJLIS_1 512 97.71 ± 0.04 97.49 ± 0.05 99.61 ± 0.02 98.68 ± 0.03

Table 5.  Effect of batch size on the best-performing model (SBJLIS_1) using a margin of 0.1 (mean ± standard 
deviation over five runs). It shows the highest recorded performance of our model.

 

Fig. 4.  Performance comparison of SBJLIS models with varying triplet-loss margins (0.1–1.0) across SNIPS 
and ATIS datasets. The figure shows that smaller margins (0.1–0.2) yield the highest accuracy and F1-scores, 
reflecting compact yet generalizable embeddings.

 

Models Margin

ATIS SNIPS

Accuracy (%) F1-score (%) Accuracy (%) F1-score (%)

SBJLIS_1 0.1 98.87 ± 0.02 98.60 ± 0.04 99.23 ± 0.01 98.43 ± 0.03

SBJLIS_2 0.2 97.74 ± 0.03 97.92 ± 0.05 99.00 ± 0.02 98.02 ± 0.03

SBJLIS_3 0.3 96.74 ± 0.04 98.05 ± 0.04 98.95 ± 0.02 98.30 ± 0.03

SBJLIS_4 0.4 97.11 ± 0.03 98.13 ± 0.05 98.93 ± 0.03 97.86 ± 0.04

SBJLIS_5 0.5 96.86 ± 0.04 98.43 ± 0.05 98.89 ± 0.03 97.83 ± 0.04

SBJLIS_6 0.6 96.49 ± 0.03 97.66 ± 0.05 98.58 ± 0.04 97.82 ± 0.03

SBJLIS_7 0.7 97.11 ± 0.02 98.06 ± 0.04 98.50 ± 0.03 97.81 ± 0.04

SBJLIS_8 0.8 96.74 ± 0.04 98.30 ± 0.05 98.20 ± 0.04 97.29 ± 0.04

SBJLIS_9 0.9 95.36 ± 0.05 97.73 ± 0.06 98.07 ± 0.04 97.86 ± 0.04

SBJLIS_10 1.0 96.49 ± 0.05 98.21 ± 0.05 97.63 ± 0.04 97.85 ± 0.05

Table 4.  Performance of the attention-based joint learning model with Siamese network extracted embeddings 
on ATIS and SNIPS datasets across different triplet-loss margins (mean ± standard deviation over five runs). It 
shows the highest recorded performance of our model.
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Baseline model Mean Diff Std. Dev 95% CI (Lower–Upper) t df p

Slot-Gated 2.580 0.021 [2.553, 2.606] 271.96 4  < 0.001

Bi-directional 2.710 0.036 [2.666, 2.754] 171.40 4  < 0.001

CTRAN 3.410 0.036 [3.366, 3.453] 215.67 4  < 0.001

CEA-Net 2.800 0.050 [2.739, 2.861] 126.49 4  < 0.001

Table 8.  Paired samples t-test results comparing SBJLIS with baseline models on the ATIS dataset in terms of 
F1-score.

 

Baseline Model Mean Diff Std. Dev 95% CI (Lower–Upper) t df p

Slot-Gated 0.010 0.007 [0.001, 0.019] 3.16 4 0.034

LIDSNet 2.900 0.102 [2.773, 3.027] 63.28 4  < 0.001

Bi-directional 0.270 0.067 [0.187, 0.353] 9.05 4  < 0.001

CTRAN 3.170 0.107 [3.037, 3.302] 66.39 4  < 0.001

CEA-Net 1.110 0.107 [0.977, 1.242] 23.25 4  < 0.001

Table 7.  Paired samples t-test results comparing SBJLIS with baseline models on the ATIS dataset in terms of 
accuracy.

 

Fig. 5.  Comparative performance of SBJLIS against baseline models on ATIS and SNIPS datasets. SBJLIS 
consistently achieves higher accuracy and F1-scores, confirming the advantage of integrating Siamese metric 
learning with attention-guided joint decoding for robust intent detection and slot filling.

 

Baseline Models

ATIS SNIPS

Accuracy (%) F1-score (%) Accuracy (%) F1-score (%)

Slot-Gated7 94.10 95.20 97.0 88.80

LIDSNet14 95.97 – 98.00 –

Bi-directional8 98.60 96.30 99.20 97.20

CTRAN20 98.07 98.46 99.13 98.30

CEA-Net9 97.76 96.21 98.86 96.21

SBJLIS 98.87 98.60 99.61 98.68

Table 6.  Performance comparison of SBJLIS with baselines. It shows the highest recorded performance of our 
model.
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percentage points for accuracy and 1.5–3 for F1-score. Standard deviations remain low, below 0.1 in all cases, 
confirming consistent behavior across multiple runs.

These results show that SBJLIS is statistically validated and reliable. The model’s Siamese pretraining improves 
feature separability, and its attention fine-tuning enhances interpretability and generalization. The improvements 
across both datasets demonstrate that SBJLIS is a stable and scalable framework for joint intent detection and slot 
filling in natural-language-understanding tasks.

Conclusion
This study presents SBJLIS, a unified framework that integrates metric-based semantic similarity learning with 
attention-based joint decoding, delivering robust gains across both balanced and imbalanced SLU settings. 
Through a two-phase training process combining embedding learning via triplet loss and attention-based joint 
classification, SBJLIS addresses key limitations of existing models, namely poor generalization to rare classes 
and insufficiently discriminative sentence-level embeddings. Experimental results across ATIS and SNIPS 
demonstrate that triplet margins of 0.1–0.2 produce the most compact and generalizable embeddings. However, 
the optimal batch configuration varies with dataset characteristics: smaller batches (16–32) enhance robustness 
in the imbalanced ATIS dataset, while larger batches (128–512) improve stability and generalization in the 
balanced SNIPS corpus. The model’s consistent outperformance of baseline approaches across both datasets 
demonstrates its robustness, adaptability, and real-world applicability. Future work will explore adaptive triplet 
mining to improve hard-example selection, extend the framework to multilingual and cross-domain spoken 
language understanding, and incorporate transformer-based encoders to further strengthen contextual 
representation. The proposed SBJLIS framework can also be deployed in practical systems, where reliable intent 
detection and slot filling directly enhance user interaction quality and task success.

Data availability
The research data supporting the findings of this study are publicly available benchmark datasets for spoken 
language understanding (SLU). The ATIS dataset can be accessed at: ​h​t​t​p​s​:​​/​/​g​i​t​h​​u​b​.​c​o​m​​/​m​o​o​r​e​​3​9​3​0​/​​S​l​o​t​R​e​​f​i​n​e​/​
t​​r​e​e​/​m​a​​i​n​/​d​a​t​a​/​a​t​i​s and the SNIPS dataset can be accessed at: ​h​t​t​p​s​:​​​/​​/​g​i​t​h​u​​b​.​c​o​​m​/​m​o​o​r​​e​3​9​​3​0​​/​S​l​o​t​R​​e​f​i​​n​e​​/​t​​r​e​e​​/​m​​
a​i​n​/​​d​a​t​a​/​s​n​i​p​s Both datasets are openly available for research use under their respective licenses.
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