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1. INTRODUCTION

Natural language processing (NLP) enables machines to understand and generate human language,
powering applications such as search engines, translation, and question answering [1]. Word sense
disambiguation (WSD) and semantic textual similarity (STS) require accurate interpretation of words
according to their context [2]. French poses important challenges due to its morphology, grammar, and
limited linguistic resources [3], [4]. These challenges motivate the development of methods that combine
lexical knowledge with contextual semantic representations.

CamemBERT [4] and FlauBERT ([3] achieve strong performance on French NLP tasks but lack
explainability [5]. WordNet [6] provides interpretable lexical information but does not fully capture
contextual nuances [2]. Hybrid approaches combining symbolic and neural representations improve
robustness [7], [8]. However, many existing hybrid systems rely on static weighting strategies regardless of
context [9]-[11].

A previous framework combines fuzzy Jaccard similarity with sentence-bidirectional encoder
representations from transformers (SBERT) embeddings [12]:
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score fimg = a X Jaccard + (1 — a) X SBERT 1

Where o balances lexical and semantic components [10]. In most hybrid systems, a is determined through
global optimization and remains fixed for all sentences [11]. The optimal weighting depends on linguistic
context [2], [13]. Higher a values favor lexical matching for ambiguous terms [8], whereas lower a
values favor SBERT for richer contexts [12]. Therefore, a fixed parameter cannot adapt to sentence-level
variations [11].

This limitation motivates our research question: how can the optimal fusion weight o be
dynamically predicted from local linguistic properties? existing studies have explored semantic similarity and
hybrid combinations [1], [2], [14]. However, no previous work has proposed feature-driven dynamic weight
prediction for French WSD using interpretable indicators [10], [11]. This study addresses this gap by
introducing an adaptive mechanism based on linguistic features and interpretable regression.

This study has three objectives: i) develop a dynamic weighting mechanism that predicts o from
interpretable features, ii) design an interpretable framework with explicit model coefficients [13], and
iii) establish a rigorous evaluation comparing dynamic and fixed weighting strategies. The proposed method
predicts o using five features: entropy, Jaccard-SBERT disagreement, gloss length, context richness, and
SBERT confidence. These features characterize ambiguity, contextual information, and the reliability of
lexical and semantic components. The approach enables sentence-level adaptation while maintaining low
computational complexity.

Our contributions are threefold. First, we introduce a dynamic a-prediction mechanism using Ridge
regression [13] based on five interpretable features: entropy, Jaccard-SBERT disagreement, gloss length,
context richness, and SBERT confidence. Second, we provide an interpretable framework quantifying each
feature's influence, enhancing transparency [5]. Third, experimental results show a 7.6% mean absolute error
(MAE) reduction compared with fixed 0=0.7, confirmed as statistically significant (Wilcoxon test,
p=0.00195). The remainder of this paper is organized as follows. Section 2 reviews the related work.
Section 3 presents the proposed methodology. Section 4 presents the experimental validation and discussion.
Finally, section 5 concludes the paper.

2. RELATED WORK

Research on semantic similarity and WSD has evolved from symbolic approaches to vector-based
models, contextual transformers, and hybrid architectures. These approaches aim to improve semantic
representation by capturing lexical relations, contextual information, and domain-specific knowledge. For
French, these challenges are particularly significant due to morphological variations and word polysemy.
This section reviews traditional methods, pretrained language models, hybrid approaches, regression-based
methods, and adaptive weighting strategies related to our contribution.

2.1. Traditional methods

Early semantic similarity and WSD methods relied on symbolic resources such as WordNet [6],
which provides interpretable lexical relations but depends on manually constructed knowledge. Vector-based
approaches such as Bag-of-Words and TF-IDF improved numerical text representation but failed to capture
deeper semantic relationships. Word embeddings, including FastText [15], Word2Vec [16], and GloVe [17],
improved generalization through distributional information but remained limited in representing context-
dependent meanings. These limitations encouraged the development of contextual transformer models such
as BERT [18], which provide dynamic representations but introduce higher computational requirements and
reduced interpretability.

2.2. Pretrained language models for French

Transformer-based language models have significantly improved semantic representation for French
and multilingual NLP tasks. CamemBERT [4] and FlauBERT [3] achieved strong performance on French
language processing tasks but still face challenges related to morphological variation and semantic
ambiguity. SBERT [12] introduced siamese architectures for generating meaningful sentence-level
embeddings suitable for similarity computation. LaBSE [19] further extended sentence representation to
multilingual scenarios, while several surveys have analyzed the evolution of semantic similarity
methods [1], [2], [14].

2.3. Contrastive learning and generative methods

Recent research has explored contrastive and generative learning methods to improve sentence
representation beyond static embeddings. SImCSE [20] uses contrastive learning with dropout-based
augmentation or paraphrase pairs to enhance sentence embeddings. TS5 [21] and mT5 [22] formulate
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similarity-related tasks through text-to-text generation and multitask learning. Multilingual contrastive
sentence embedding (MCSE) [23] extends contrastive sentence representation learning to multilingual
settings, demonstrating the potential of these methods for semantic similarity applications.

2.4. Hybrid and multimodal approaches

Hybrid approaches combine symbolic knowledge with neural representations to exploit both
interpretability and contextual modeling capabilities. SemGloVe [9] integrates global word co-occurrence
information with contextual representations to improve semantic matching. Other approaches combine
lexical resources with embeddings, such as WordNet and Wikipedia for semantic similarity measurement [7]
and Cilin with Word2Vec embeddings for word similarity estimation [8]. Recent multimodal approaches,
including Sim-CLIP [24], DiCA [25], and HyEWCos [26], have explored hybrid representation and
alignment strategies, while dynamic hybrid models such as bidirectional encoder representations from
transformer-support vector machine (BERT-SVM) have investigated adaptive similarity evaluation [11].

2.5. Regression and interpretability for semantic similarity

Regression-based approaches have gained attention for semantic similarity modeling due to their
simplicity and interpretability. A regression framework using translated rectified linear unit (ReLU) and
smooth K2 loss was proposed to improve STS prediction [10]. Ridge regression [13] provides an efficient
and interpretable solution for parameter estimation through explicit coefficients. Interpretability has become
increasingly important because many neural models operate as black boxes. To address this issue, symbolic
regression and regression-tree-based frameworks have been investigated to provide more transparent
semantic similarity assessment [5].

2.6. Adaptive weighting and dynamic fusion

Static weighting remains a limitation in many hybrid NLP systems because the contribution of
lexical and semantic components may vary across contexts. Most existing approaches determine weights
through global optimization and apply the same values to all inputs. A dynamic BERT-SVM hybrid model
has recently explored adaptive weighting for semantic similarity evaluation [11]. However, dynamic
prediction of fusion weights based on interpretable linguistic features remains unexplored for French WSD.

2.7. Research gap

The literature review reveals three main limitations in existing semantic similarity and WSD
approaches. First, hybrid French WSD systems generally rely on fixed weighting parameters that cannot
adapt to sentence-level characteristics. Second, linguistic meta-features such as disagreement, entropy, and
confidence have rarely been used to predict fusion weights. Third, dynamic optimization of lexical-semantic
fusion for French semantic similarity remains insufficiently investigated. This study addresses these gaps by
proposing a lightweight Ridge regression mechanism that predicts a sentence-specific a value from five
interpretable features, replacing the fixed a=0.7 strategy without additional computational overhead.

3. METHOD

This section presents the proposed dynamic alpha prediction framework for hybrid semantic
similarity. The approach extends a previous hybrid architecture by replacing the fixed weighting parameter
with a sentence-level adaptive mechanism. The proposed method combines fuzzy Jaccard similarity and
SBERT embeddings with a Ridge regression model that predicts the optimal balance between lexical and
semantic information. The framework is designed to improve adaptability while maintaining interpretability
and low computational complexity.

3.1. Implementation details and repeatability framework

Evaluations used Google Colab with 33 ambiguous French sentences annotated by native speakers
on a 0-100 scale. Human scores serve as reference and training target (o_opt) for Ridge regression.
Reliability was robust (Fleiss' Kappa=0.48, test-retest=0.82). Hardware: Intel Xeon 32GB RAM. Software:
Python 3.9 with sentence-transformers (2.2.2), transformers (4.36.2), torch (2.1.0), nltk (3.8.1), and scikit-
learn (1.2.2). WordNet was used. Random seeds fixed to 42. Dataset split: 20 training and 13 test sentences.

3.2. Organizational chart

Figure 1 illustrates the overall pipeline of the proposed dynamic alpha prediction framework. The
workflow integrates lexical processing, semantic embedding generation, feature extraction, and alpha
prediction through Ridge regression. The predicted alpha value is then used to combine Jaccard and SBERT
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similarity scores dynamically. This pipeline enables sentence-specific adaptation instead of applying a fixed
global weighting factor.

Input French Sentence
(with ambiguous word in context)

¥
1. Text Preprocessing
+ Tokenization * Lemmatization * Ambiguous Word Detection
T
¥ ¥
2A. Lexical Similarity Branch 2B. Semantic Similarity Branch
(Fuzzy Jaccard) (SBERT Embeddings)
WordNet Sense Gloss Fuzzy Jaccard SBERT L] Context Cosine
Sense Retrieval Representation Similarity Encoder Embedding Similarity

v
Sy €[0,1] Ss €[0,1]
—
¥
3. Feature Extraction (Five Linguistic Features)

‘ F1. Entropy (H) J [ F2. Disagreement (D) }

F3. Gloss Length (L)
Average gloss length
of senses

F4. Context Richness (R)
Content words /
Total words

Ambiguity of the 1S; = Ssl
ambiguous word between components

Max cosine similarity
with best sense

{ F5. SBERT Confidence (C)

4. Alpha Prediction Model Model Training (Offline)

Ridge Regression : E
a=fo+P1H + B2D + B3L + B4R + BsC i Training Set Ridge Regression | |
(constrained to [0, 1]) 1| (20 sentences) (@=10) :
Predicted a e g
a€[0,1]

. ——— O PR

5. Adaptive Fusion (Hybrid Similarity) Legend

Scorepipg =a-S;+(1—a) - Sg
Adaptive combination of lexical and semantic components

===

¥
t 6. Output: Final Sense Score and WSD Decision ’

Rank senses by Score,, and select the best sense

i \
H 1
' I

I
' @ H
E D Processing Modules i

I
E Training Components |
\ |

Figure 1. Dynamic alpha factor prediction pipeline for hybrid semantic similarity

3.3. Hybrid base architecture

The proposed dynamic weighting mechanism is built upon a hybrid architecture combining fuzzy
Jaccard similarity and SBERT embeddings. The objective is to exploit complementary information: lexical
overlap from semantic definitions and contextual meaning from transformer-based representations. The
processing pipeline includes tokenization, ambiguous word detection, WordNet sense retrieval, fuzzy Jaccard
computation, and SBERT embedding generation. The following subsections describe the components
required to understand the dynamic alpha extension.

3.3.1. Token filtering and ambiguity detection

Token filtering and ambiguity detection are performed using WordNet-based lexical analysis. Stop
words are removed, and lemmatization is applied to normalize lexical forms before sense identification. For
example, in the sentence “Les fils du conducteur ont coupé le courant,” the ambiguous terms are “fils”
(son/wire) and “conducteur” (driver/conductor), while other terms provide contextual information. This
preprocessing step ensures that the subsequent similarity calculations focus on relevant linguistic elements.

3.3.2. Lexical sense retrieval from WordNet

Candidate senses are extracted from princeton WordNet with their synset identifiers. The English
glosses are translated into French while preserving sense distinctions. For example, “fils” includes the senses
son.n.01 and wire.n.01. The glosses are preprocessed by removing stop words, applying lemmatization, and
eliminating the target word.

3.3.3. The weighted fuzzy Jaccard similarity
The lexical component uses a weighted fuzzy Jaccard index to measure overlap between sense
glosses and context. It combines lexical matching with embedding-based word similarity weights. This score

captures the contribution of lexical information in sense selection. The weighted fuzzy Jaccard score is
defined as (2):
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where A represents the preprocessed sense gloss, B represents the context words, w;denotes term weights,
and cosine similarity is used to estimate semantic relationships between terms. The resulting score ranges
from 0 to 1, where higher values indicate stronger lexical alignment between the candidate sense and the
context.

3.3.4. Sentence-bidirectional encoder representations from transformers embedding

To capture contextual information beyond lexical overlap, the framework uses SBERT embeddings.
The paraphrase-multilingual-MiniLM-L12-v2 model generates 384-dimensional representations for more
than 50 languages. Similarity between sentences and sense definitions is computed using cosine similarity.
This semantic component complements lexical matching by capturing contextual relationships beyond word
overlap.

SBERT(X,Y) = cos(Oyy) = —2Y_ ¢ [0,1] (3)

llexllleyll

Where ey and e,, are the sentence embeddings of the input sentence and the sense definition, respectively.

3.3.5. Original hybrid score (fixed alpha)

The initial hybrid model combines fuzzy Jaccard and SBERT similarities using a fixed weight
0=0.7. This value was obtained through global optimization on the complete dataset. It assumes the same
lexical-semantic balance for all sentences. The original hybrid score is defined as (4):

Scoregriginat = 0.7 X Jaccard + 0.3 X SBERT 4)

Although this fixed strategy provides reasonable performance, it cannot adapt to variations in
ambiguity, contextual richness, or disagreement between lexical and semantic components. The next section
introduces the proposed dynamic alpha prediction mechanism to overcome this limitation.

3.4. Dynamic alpha prediction

This section presents a machine learning mechanism for predicting the optimal alpha value per
sentence. Unlike the fixed 0=0.7 strategy, the method estimates weights from linguistic properties. It uses
five interpretable features describing ambiguity, context, and component agreement. Ridge regression is
selected for its simplicity, interpretability, and efficiency. Figure 2 presents the relationship between
predicted alpha values and absolute error for each sentence.
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Figure 2. Relationship between alpha and prediction error

The analysis shows that fixed 0a=0.7 is not always optimal, while lower alpha values around 0.60—
0.65 achieve lower errors for several samples. This observation supports the motivation for sentence-level
dynamic alpha prediction instead of using a single global value.
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3.4.1. Linguistic features for alpha prediction

The model extracts five interpretable features to characterize ambiguity and context. These features
control the balance between lexical similarity and embeddings. They include entropy, Jaccard-SBERT
disagreement, gloss length, context richness, and SBERT confidence. Together, they enable dynamic alpha
prediction.

Feature F1 measures the ambiguity of the target word. It is computed from the number and
distribution of candidate senses as (5):

H = -1 p (splogp(s;))/logn (5)

Higher entropy indicates greater ambiguity, since probability mass is spread across several senses.
Unambiguous words have lower entropy values, as a single sense dominates the distribution.
Feature F2 measures the disagreement between lexical and semantic similarity. It is computed as:

D =I Jmax — Smax | (6)

Higher values indicate stronger disagreement between the two components. This feature helps determine the
appropriate balance between lexical and semantic evidence.
Feature F3 measures the average length of sense definitions. It is computed as (7):

_1lon . |def;l k
L =23 min (L0, 1,0) 7
Longer glosses provide richer lexical information for the Jaccard component. This feature therefore supports
the reliability of lexical similarity estimation.

Feature F4 measures the lexical diversity of the sentence context. It is defined as (8):

_ lunique(C)I

R ICI (8)

Higher values indicate richer contexts, which favor semantic similarity. Lower values indicate limited
diversity, in which case lexical evidence becomes more informative.
Feature F5 measures the confidence of SBERT predictions. It is defined as (9):

C=1-—H,pm ©)

Higher confidence favors semantic similarity, since the SBERT signal is reliable. Lower confidence favors
lexical similarity, since the semantic signal is less trustworthy.

3.4.2. Optimal alpha for training

For each training sentence, the optimal alpha is computed from human, Jaccard, and SBERT scores.
It represents the weight that best matches human judgments. This value serves as the target for Ridge
regression training. The value is obtained by solving the hybrid similarity equation for alpha:

aopt - ]:—S: (]0)

This is obtained by solving h; = a - J; + (1 —a) - S; for alpha. Values are clipped to [0,1]. This
optimal alpha represents the ideal weighting for that specific sentence and serves as the target variable for
training the Ridge regression model.

3.4.3. Ridge regression model
We use Ridge regression for its low complexity (5 features), interpretability (readable coefficients),
minimal overfitting (strong regularization), and fast inference (<1 ms). The prediction function is

Apreq = a(WTf + b) where w is the coefficient vector, b is the bias, f = [H,D, L, R, C] is the feature vector,
1
1+e™*

L =T (@peq = agpe)? + Alwli3 (11)

and o(x) = is the sigmoid function that constrains « to [0,1].

where A=1,0 controls the strength of L2 regularization.
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The training procedure consists of five steps: compute Jaccard and SBERT scores for all senses in
each training sentence; calculate o._opt using human scores; extract feature vectors; normalize features using
StandardScaler; and train Ridge regression (A=1.0) on 20 sentences.

3.4.4. Modified hybrid score with dynamic alpha
After predicting the optimal alpha value, the final hybrid similarity score is computed by replacing
the fixed parameter with the sentence-specific prediction. The dynamic formulation is:

Scoregynamic = Aprea X Jaccard + (1 — apreq) X SBERT (13)

This adaptive score allows the system to balance lexical and semantic information according to local
linguistic properties. The additional computational cost is negligible because alpha prediction requires less
than 1 ms per sentence compared with the much higher cost of SBERT inference.

4. EXPERIMENTAL VALIDATION
4.1. Human assessment

Human evaluation employed a 0-100 scale with native French speakers, including linguists and NLP
engineers. Inter-annotator reliability was confirmed by Fleiss' Kappa=0.48 (moderate agreement) and test-
retest correlation=0.82. Quality assurance measures ensured data accuracy. These human scores serve as
ground truth for evaluating the dynamic alpha approach and calculating the optimal alpha (@,p:) during
training.

4.2. Experimental configuration

The experimental setup follows the configuration described in section 3.1. The same dataset of 33
ambiguous French sentences was used, split into 20 training sentences and 13 test sentences. The paraphrase-
multilingual-MiniLM-L12-v2 SBERT model (384-dimensional embeddings) was employed. The Ridge
regularization parameter was set to (lambda=1.0), and all random seeds were fixed to 42 for deterministic
behavior.

4.3. Comparison: fixed alpha vs dynamic alpha

This section evaluates the effectiveness of the proposed dynamic alpha mechanism compared with
the original fixed weighting strategy. The evaluation focuses on whether sentence-level alpha prediction
improves the alignment between model outputs and human judgments. The fixed baseline uses 0=0.7, while
the proposed method predicts an adaptive alpha value for each sentence. The comparison is performed using
error-based metrics described in the following subsections.

4.3.1. Aggregate performance

Table 1 presents the overall comparison between fixed and dynamic alpha strategies. The reported
metrics include MAE, root mean square error (RMSE), maximum error, and minimum error. These measures
evaluate prediction accuracy and stability. The results demonstrate the benefit of adaptive lexical-semantic
weighting.

Table 1. Aggregate performance comparison

Metric Fixeda  Dynamic o Amelioration (%)
MAE 0.2397 0.2216 +7.6
RMSE 0.2475 0.2294 +7.3
Max error  0.3320 0.3100 +6.6
Min error 0.1500 0.1350 +10.0

The dynamic alpha strategy reduces all error metrics compared with the fixed baseline. MAE
decreases from 0.2397 to 0.2216 (7.6%), while RMSE improves by 7.3%. The reductions in maximum and
minimum errors indicate better stability across ambiguity cases. These results confirm the advantage of
sentence-level adaptive weighting over a fixed parameter.

4.3.2. Per-sentence performance
The sentence-level evaluation analyzes how the predicted alpha values adapt to different linguistic
contexts. Table 2 presents the comparison between fixed and dynamic alpha strategies for representative test
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sentences, including predicted alpha values and error reductions. Table 3 provides a detailed analysis of
Jaccard, SBERT, hybrid scores, and probability distributions for selected ambiguous words to further
examine the impact of dynamic weighting at the sense level. Together, these analyses demonstrate how the
proposed method adjusts the lexical-semantic balance across individual cases.

The results show that dynamic alpha improves performance for all evaluated sentences, with gains
ranging from 6.2% to 10.0%. The average predicted alpha is 0.635, lower than the fixed value of 0.7. The
highest improvement is observed for P6 (a=0.600), reflecting the benefit of richer contextual information. In
contrast, P2 shows the smallest improvement because its predicted alpha is closest to the fixed value.

Table 2. Per sentence performance comparison

Sentence  predicted alpha o Fixed o Dynamic o Gain Gain (%)
P1 0.629 0.3320 0.3100 0.0220 +6.6
P2 0.645 0.3050 0.2860 0.0190 +6.2
P3 0.650 0.2500 0.2300 0.0200 +8.0
P4 0.620 0.1800 0.1650 0.0150 +8.3
P5 0.670 0.2200 0.2000 0.0200 +9.1
P6 0.600 0.1500 0.1350 0.0150 +10.0
P7 0.640 0.2800 0.2600 0.0200 +7.1
P8 0.630 0.2000 0.1850 0.0150 +7.5
P9 0.655 0.3100 0.2900 0.0200 +6.5
P10 0.615 0.1700 0.1550 0.0150 +8.8

Average 0.635 0.2397 0.2216 0.0181 +7.8

Table 3. Per-sentence comparison of fixed and dynamic alpha

Ambiguous o Score o Score  Prob fixe Prob Gain
Sentence word sens Jaccard  SBERT fixe fixe dyn dyn (%) dyn (%) (%)
Pl Fils Wire 0.75 0.45 0.7 0.66 0.63 0.65 53.6 72.3 +18.7
Fils Son 0.49 0.17 0.7 039 063 037 46.4 27.7 -18.7
Conducteur  Conductor driver 0.75 0.5 0.7 0.68 0.65 0.66 48.0 51.5 +3.5
Conducteur  Map 0.73 0.45 0.7 0.65 0.65 0.63 52.0 48.5 -3.5

P2 Carte 0.68 0.52 0.7 0.63 0.65 0.62 51.2 54.8 +3.6
Carte Card 0.61 0.48 0.7 0.57 0.65 0.56 48.0 45.2 -3.6

Roi Sovereign 0.55 0.42 0.7 0.51 0.65 0.50 52.0 535 +1.5

Roi Playing card 0.48 0.41 0.7 046 065 045 48.0 46.5 -1.5

P3 Livre Book 0.72 0.55 0.7 0.67 0.66 0.66 51.0 54.2 +3.2
Livre Pound 0.65 0.48 0.7 0.60 0.66 0.59 49.0 45.8 -3.2

Fils Son 0.70 0.52 0.7 0.65 0.66 0.64 52.5 55.0 +2.5

Fils Wire 0.60 0.40 0.7 0.54 0.66 0.53 47.5 45.0 -2.5

4.3.3. Comparison with baseline models

The proposed approach is compared with baseline models to evaluate performance and efficiency.
Table 4 summarizes MAE, RMSE, Spearman, and Pearson results for multilingual models and the proposed
French hybrid approach. This comparison highlights the trade-off between large neural models and
lightweight dynamic weighting. The objective is to assess both predictive accuracy and computational
efficiency.

The proposed approach achieves higher MAE than large multilingual models such as mT5 and
SimCSE. However, it uses a lightweight Ridge regression model with five interpretable features instead of
large architectures. The dynamic alpha mechanism adds minimal computational overhead while providing
feature-based explanations. Therefore, the framework offers a practical balance between accuracy, efficiency,
and interpretability for resource-constrained applications.

Table 4. Performance comparison with baseline models

Model MAE RMSE Spearman Pearson Language
TS (mTS) 0.1600  0.2078 -0.0019 0.0225 Multilingual
SimCSE (Multilingual) 0.1662 02111 -0.0110 0.0086 Multilingual
XLM-RoBERTa 0.6001  0.6436 0.0588 0.0686 Multilingual
SBERT 0.6426  0.6858 -0.0391 -0.0108 Multilingual
Fixed a (0.7) 02397  0.2475 -0.0408 -0.0354 French
Our approach (improved) 0.2216  0.2294 -0.0408 -0.0354 French

Dynamic alpha factor optimization for hybrid semantic similarity in french word ... (Btissam El Janati)



3780 O3 ISSN: 2302-9285

4.3.4. Statistical validation

The statistical significance of dynamic alpha improvements was evaluated using the Wilcoxon
signed-rank test. Figure 3 presents the cumulative error comparison between fixed and dynamic weighting
across test samples. The results confirm a statistically significant improvement, rejecting the null hypothesis
at the 1% significance level. This indicates that the performance gain is not due to random variation.

The Wilcoxon test produced a p-value of 0.00195, confirming the significance of the proposed
method. The effect size (Cohen's d=0.300) indicates a small-to-medium practical impact. Dynamic alpha
reduces cumulative error by 7.6% while maintaining lower errors across the evaluation set. These findings
show that adaptive weighting improves robustness with minimal computational cost.
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Figure 3. Cumulative error comparison

4.4. Feature coefficient analysis

The Ridge regression model was trained on 20 sentences to predict the optimal alpha. The learned
coefficients reveal the relative importance of each linguistic feature. Table 5 presents the obtained
coefficients. These values provide insights into the contribution of each feature to alpha prediction.

The coefficients reveal an interpretable strategy. Disagreement (+0.41) and entropy (+0.32) are the
strongest predictors, increasing o in ambiguous cases to favor lexical matching. Context richness (+0.18) and
SBERT confidence (-0.15) reduce a by providing reliable semantic information. Gloss length (-0.09) has a
minor effect compared with other features.

Table 5. Learned coefficients of the Ridge regression model

Feature Symbol  Coefficient  Importance rank
Jaccard-SBERT disagreement D +0.41 1
Entropy of senses H +0.32 2nd
Context richness R +0.18 31
SBERT confidence C -0.15 4t
Average gloss length L -0.09 5t

4.5. Discussion

The results show that dynamic alpha prediction improves the fixed-weight strategy by reducing
MAE by 7.6% and RMSE by 7.3%. The Wilcoxon test confirmed significant improvements (p=0.00195)
with d=0.300. Adaptive fusion enhances semantic similarity without modifying the original components. The
approach provides an effective improvement for French WSD. This improvement highlights the importance
of adapting the lexical-semantic balance according to sentence characteristics rather than relying on a global
fixed parameter. The results suggest that even a lightweight prediction mechanism can capture variations in
ambiguity and contextual information.
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The main advantage of dynamic alpha is its ability to adapt the lexical-semantic balance to sentence-
specific characteristics. Sentences with limited contextual information benefit from stronger lexical evidence,
whereas richer contexts rely more on SBERT representations. This adaptive behavior explains the consistent
improvement observed across the test set. It is particularly beneficial for French, were polysemy and
contextual variation influence sense interpretation. Therefore, dynamic weighting provides a flexible
alternative to traditional hybrid methods that assume a constant contribution from each similarity component.

The Ridge coefficients explain the influence of linguistic features on alpha prediction. Jaccard-
SBERT disagreement (+0.41) and entropy (+0.32) are the most influential predictors, while context richness
(+0.18), SBERT confidence (-0.15), and gloss length (-0.09) have smaller effects. These results support the
use of interpretable indicators instead of a fixed fusion weight. The dynamic alpha mechanism introduces
minimal computational overhead (<1 ms per prediction). This low cost confirms that the proposed method
can be integrated into practical NLP systems without significant impact on execution time.

The proposed framework remains fully interpretable through regression coefficients, sentence-level
alpha predictions, and the individual Jaccard and SBERT similarity scores. This transparency distinguishes
the approach from black-box neural models while preserving computational efficiency. Such interpretability
facilitates error analysis and provides insights into the decision process, which is essential for reliable
semantic applications.

Several limitations should be acknowledged. The evaluation was conducted on a small dataset of 33
ambiguous French sentences, which may limit the generalizability of the results. Moreover, the selected
features were tailored to French WSD and may require adaptation for other languages. Future research will
investigate larger benchmarks, multilingual settings, and interpretable nonlinear prediction models.

5.  CONCLUSION

This study introduced a dynamic alpha prediction framework for hybrid semantic similarity in
French WSD. Unlike traditional approaches using a fixed a=0.7, the proposed method predicts sentence-
specific weights using Ridge regression and five interpretable linguistic features. The framework
dynamically adjusts the contribution of lexical and semantic information according to the characteristics of
each sentence. This strategy addresses the limitation of static fusion mechanisms in hybrid similarity models.

Experimental evaluation showed that dynamic weighting consistently outperformed the fixed
baseline. The proposed approach reduced MAE by 7.6% (0.2397—0.2216) and RMSE by 7.3%
(0.2475—0.2294), with improvements reaching 10.0% at the sentence level. Statistical validation confirmed
the significance of these improvements using the Wilcoxon signed-rank test (p=0.00195). Moreover, the
method introduced negligible computational overhead, requiring less than 1 ms for alpha prediction.

The analysis of Ridge coefficients revealed that Jaccard-SBERT disagreement (+0.41) and entropy
(+0.32) are the main factors influencing alpha prediction. These results show that higher ambiguity and
disagreement between components require stronger lexical contribution. Conversely, context richness (+0.18)
and SBERT confidence (-0.15) favor semantic information when contextual evidence is reliable. This
analysis confirms the importance of interpretable linguistic indicators for adaptive fusion.

The proposed framework improves accuracy while maintaining interpretability through three
explanation levels. Regression coefficients, alpha predictions, and similarity components provide global and
sentence-level insights. Despite limitations related to dataset size and language specificity, the results
highlight the potential of dynamic weighting for hybrid NLP systems. Future work will explore larger
multilingual datasets, nonlinear models, and additional contextual features.
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