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Abstract— Transformer models achieve remarkable
performance across language, vision, and multimodal tasks,
yet their internal representations remain largely opaque. In
particular, the semantic structure of embedding spaces,
central to how transformers operate, remains difficult to
interpret. This paper introduces a framework that converts
embedding vectors into interpretable, linguistically
grounded fuzzy semantic representations. The approach
integrates external lexical knowledge with data-driven
analysis, using WordNet-derived semantic categories as
reference  signals. Dimensionality reduction first
compresses the embedding space while preserving major
variance patterns, followed by a fuzzy modelling layer that
combines Fuzzy C-Means clustering with multiscale
Gaussian membership functions. This produces a
transparent semantic signature for each word, capturing
graded associations with semantic concepts across multiple
levels of abstraction. We evaluate the approach on six
human similarity benchmarks (WordSim353, SimLex999,
MEN, RareWords, MTurk, and SimVerb3500) across five
transformer models (GPT-2, BERT, Gemini, Qwen3, and
MiniLM). The proposed representations consistently
achieve higher agreement with human judgments, with
improvements of up to 448% in Spearman correlation,
supported by paired bootstrap significance testing. These
findings show that improving interpretability can also
enhance alignment with human semantic intuition,
supporting more trustworthy Al systems.

I.  INTRODUCTION

Transformers have become central to modern generative Al,
powering applications from search engines and chatbots to
high-stakes domains such as medicine, law, and finance. As
their societal role grows, so does the need to understand their
decision-making. Despite their success, transformers remain
difficult to interpret, their complex internal reasoning often
renders them “black boxes,” undermining trust, accountability,
and responsible use. This opacity arises from the architecture
itself: multiple layers of self-attention heads, residual
connections, and feedforward networks, where vast numbers of
parameters interact through high-dimensional vector operations
that are difficult to trace. This challenge is particularly evident
in embeddings, which represent tokens as large numerical
vectors whose dimensions lack direct human interpretability; it
is unclear what each dimension encodes or how changes affect
model behaviour.
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Researchers have proposed various explainability methods,
many of which are post-hoc. Techniques such as attention
visualization, SHAP [1] , Integrated Gradients[2] , and
reasoning procedures such as Chain-of-Thought [3] or Chain-
of-Logic [4] prompting provide useful insights into outputs, but
rarely explain how meaning is encoded in the underlying vector
space. Attention weights are not always reliable explanations
[5] while gradient-based methods, though more structured [6]
are computationally expensive and often qualitative. Other
studies examine how training and prompting influence
explainability patterns [7] .

Recent work on interpretable embeddings explores
recovering semantic meaning from embedding spaces.
Approaches such as Conceptualization of Embeddings [8]
,VICE [9] , and large-scale analyses by Wang and Du [10]
show that embeddings form meaningful geometric structures,
with some dimensions correlating to identifiable concepts.
However, these methods often focus on limited vocabularies
and lack explicit, human-readable interpretations across all
dimensions. Retrofitting techniques [11] and sense-level
embeddings like SensEmbed [12] improve semantic specificity
but remain localized rather than offering global explainability.
Since embeddings lie at the core of transformer computation,
analysing them directly offers a promising path toward deeper
interpretability.

This paper introduces a framework to enhance transformer
embedding interpretability by integrating semantic knowledge
bases. The methodology addresses the ambiguity of natural
language through two key contributions:

I. A novel approach linking transformer embeddings
to WordNet [13] concepts, using fuzzy logic to handle
graded membership and polysemy.

2. A structured mapping that converts embedding dimensions
into interpretable linguistic objects, aiding the diagnosis of
bias and internal associations

Section II reviews transformers, embeddings, and

WordNet. Section III presents the proposed fuzzy-based

approach. Section IV details experiments and results, and

Section V concludes with future work.

II. HIGH LEVEL OVERVIW ON TRANSFORMERS,
WORDNET AND MULTISCALE FUuzzy
A. Overview of Transformers and Embeddings

Transformers (depicted in Fig.1), introduced by
Vaswani et al. [14] , replaced recurrent architectures by



processing tokens in parallel through self-attention, allowing
each token to weigh the relevance of others and build contextual
representations. Modern models stack multiple layers of
attention heads and feed-forward networks, achieving state-of-
the-art performance across NLP tasks.

This comes at the cost of

expressiveness, however,

interpretability. Dense transformations and non-linearities
obscure information flow and increasing depth further weakens
the link between internal components and predictions,

reinforcing their black-box nature.
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Fig. 1. High-level overview of a transformer architecture showing how token
embeddings are  processed  through attention  layers. [14]

This opacity is compounded by embeddings.
Transformers map tokens to dense vectors encoding semantic
relationships geometrically. As illustrated in Fig. 2, words are
points in a vector space where relationships correspond to
directions and distances (e.g., King — Man + Woman ~ Queen).
While this enables reasoning and generalization, individual
dimensions remain uninterpretable, making embeddings a core
source of opacity. Achieving interpretable embeddings is
therefore critical for transparent transformer reasoning.

Fig. 2. Two-dimensional illustration of word embeddings, where semantic
relationships such as gender and royalty are represented as vector directions[15]
[19]

B. Overview of WordNet

WordNet [13] is a structured semantic lexicon that
organizes words into synsets, sets of cognitive synonyms
representing distinct senses, linked by semantic relations such
as hypernym-hyponym hierarchies. It provides curated,
human-interpretable semantic categories and explicitly
represents polysemy by assigning different senses of a word to
separate synsets.

This sense-aware, hierarchical structure aligns naturally with
the proposed fuzzy membership framework, enabling
embedding dimensions to be grounded in linguistic concepts

while explicitly modelling semantic ambiguity.
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Fig. 3. A sample WordNet hierarchy [16]
C. Multiscale Fuzzy Membership

Classical fuzzy membership assigns each word a degree of
belonging using a single kernel width, which is limiting since
language operates at multiple levels of granularity. For
example, joy belongs broadly to positive emotion but also
specifically to high-arousal positive affect, which a single-scale
kernel cannot capture.

To address this, we adopt a Multiscale Fuzzy Membership
formulation [17] Instead of fixing one Gaussian bandwidth,
each semantic dimension uses a set of scales{o;, o, ..., o5 },
where 0; << ... <oy . Narrow bandwidth (o;) captures fine-
grained distinctions between joy and relief for example, while
wider  bandwidth  (os) captures high-level  conceptual
categories (grouping all positive emotions together).

For a word vector z; and a cluster centroid v; , the membership
at scale s is computed as [18] :
p2
ufp = exp (- 20) (1)
The final membership degree u;is a convex combination of

these multiscale memberships [19] with weights wg :

_ VS () s _
Ujj = Ls=1Ws U5, s=aWs =1 ws (2)

This formulation is well-suited to semantic embeddings.
Multiple scales provide adaptive semantic resolution, capturing
both fine-grained nuances and broad associations. It supports
polysemy by allowing words to have blended memberships
across concepts rather than hard assignments and improves
robustness by stabilizing representations against noise and
outliers.

III. THE PROPOSED
EXPLAINABLE FuzzY BASED APPROACH FOR EMBEDDINGS
IN GENERATIVE AI TRANSFORMER MODELS

The proposed method (Fig.4) is a four-stage transformation
pipeline, detailed below, that converts raw transformer
embeddings into a fuzzy-interpretable, semantically structured
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Fig. 4. Flow diagram of the proposed framework.



A. Embedding Generation and Dimensionality Reduction

The first stage extracts embeddings from transformer
models such as BERT [20] or GPT-2 [21] . Given a vocabulary
{wy, wy,, ..., wy},each word is mapped to a contextual
embedding:

e; €RP 3)
Where D (768 or 1024) is the native embedding dimension. To
reduce redundancy and entanglement, Principal Component
Analysis (PCA) is applied to project embeddings into a lower-
dimensional space [22] :
z;=PT(e;— 1) (4)
Where P € RP*? contains the top d components preserving
98% variance, and p is the mean embedding. PCA maintains
linear interpretability, preserving correlations with semantic
structure. The reduced dimension is set to 89, matching the
number of WordNet noun synset categories at the chosen
abstraction level, ensuring alignment with interpretable lexical
concepts.

B. Correlation Analysis for Semantic Dimension Discovery

The second stage quantifies how each reduced
embedding dimension aligns with WordNet categories. Each
word w; is associated with one or more synsets and assigned to
a semantic category Ci . The relationship between dimension j
and category k is measured using Spearman rank correlation
[23] :

Pjk = Spearman(Z:j, Ck) 5)
Where Z; is the vector of PCA values for dimension
Jj, andCy, is a binary membership vector. Spearman correlation
is used for its robustness to nonlinearity and outliers.
To ensure statistical validity, multiple comparison corrections

are applied wusing Bonferroni [24] and Benjamini-
Hochberg [25] :

pEe" = min(1,p - M), (Bonferroni) (6)
pfd? = razl'f(/;), (Benjamini--Hochberg) @)

where M is the number of tests. Bootstrapped confidence
intervals are also computed [26]

G =) o5 ®)

Where, « is the significance level. This produces a correlation
matrix {pj,k} that maps embedding dimensions to human-
interpretable semantic categories, revealing both concept
alignment and hierarchical structure.
C. Fuzzy Clustering of Embeddings

After assigning semantic meaning to each dimension, Fuzzy
C-Means (FCM) is used to model how words organize within
this space. Unlike hard clustering, FCM assigns each word
degrees of membership across multiple clusters, enabling
representation of polysemy and overlapping meanings.
Let z; € RP denote the reduced embedding of word i .
FCM optimizes the objective [27]

J =3 Zf:l uijlz; — v;|? ©)
where u;; € [0,1] is the membership degree of word i in
cluster j, v; is the centroid of cluster j, m > 1 controls
fuzziness and N and K are the number of words and clusters,

respectively. Memberships and centroids are updated
iteratively [26] [27] :
1
U = — (10)
Tk <|Zi-19|>2/( k
k=1\[Z;-Vk|
_ Zliv=1 u‘i’;‘lzi

Each centroid represents a core semantic concept, and
each word is associated with a fuzzy membership vector u; =
[w;1, ..., Uik ] , explicitly capturing its relation to multiple
concepts. Importantly, clustering is performed independently
within each PCA dimension, allowing words to exhibit
different semantic memberships across dimensions. For
example, bank may align with a physical entity in one
dimension and a financial concept in another, reflecting
distributed polysemy across semantic axes.

D. Constructing Interpretable Multiscale Feature

While FCM provides fuzzy memberships, these exist in
cluster space and require further refinement for full
interpretability. We therefore construct a multiscale feature
representation that explicitly quantifies each word’s
relationship to semantic concepts.

Gaussian Semantic Membership: For each semantic dimension
d with clusters € =1,....C;, a word’s coordinate z; 4 is
converted into a smooth membership using a Gaussian function
[18]:
1(zia—Hdc 2
Kiae = exp [—2(—) ] (12)
d,c
where 1, . is the cluster centre and g, . controls the concept's
spread. Values range from 0 (far from the concept) to 1 (exactly
at the cluster centre).
Multiscale Representation: Word meaning operates at multiple
levels of specificity (as in WordNet). For example,
”dog” belongs both to the broad category “animal,” and
to more specific categories like “mammal” and “pet”. To
capture this, Gaussian memberships are computed across
multiple scales using scale factors s [18]
2

kS, = exp [—1(—") ] (13)
Small s captures fine distinctions, while large s captures
broader associations. For example, bank may align with a
physical entity, at coarse scales but a financial gain concept at
finer scales. Evaluating memberships across dimensions and
scales captures both dominant meaning and ambiguity in a
transparent way.
Integrating  Scales and Normalization: Rather than
choosing one scale, we combine multiscale memberships via a
weighted sum

— _ V'S (s)

ml,d,C - Zs=1 W ki,d,c (14)
To ensure comparability, scores are normalized within each
dimension:

Myd.c

Cq _
o M

(15)

Mig,c =



This ensures memberships sum to 1 per dimension. Polysemy
is reflected through membership patterns across dimensions
rather than a single axis.

E. Final Interpretable Fuzzy Embedding

The final representation of word [ concatenates normalized
memberships across all dimensions and clusters:
fi = [mi,l,ll "'lmi,l,Cl' miz1, "'!mi,Z,Cz' L mi,D,CD] (16)
Each value indicates the strength of association between a word
and a specific semantic concept within a given dimension. This
transforms opaque embedding axes into interpretable ones,
where scores directly reflect semantic alignment. Multiscale
structure captures both fine-grained and coarse semantics,
while polysemy appears as distributed memberships across
concepts. Normalized [0-1] values provide human-readable
interpretations.

IV. EXPERIMENTS AND RESULTS

To evaluate alignment with human semantic
judgments, we measure agreement between human similarity
scores and model-derived similarities using Spearman rank
correlation, a scale-invariant, distribution-free metric.
Embeddings are collected from GPT2 [20] BERT [21] Gemini
[28] Qwen3 [29] and MiniLM-L3-v2 [30] and evaluated
against standard human similarity datasets: WordSim353 [31]
SimLex999 [32] MEN [33] RareWords [34] MTurk [35] and
SimVerb-3500 [36] For each dataset D with word pairs
(Wp,Wq) and human scores h values are normalized to
[0,1]

pq >

a7
Where [ap, bp] is the dataset's original rating scale. For each
word pair, we compute cosine similarity scores using both

original transformer embeddings X,, and final fuzzy
embeddings fw [37] :
sim(a, b) = l;‘l‘l';I (18)
This yields similarity vectors for original embedding:
Sg?) = {SZEZ) = sim (xwp,qu) : (wp,wq) € PD} (19)
and fuzzy embedding yield:
s,gf) = {STSZ) = sim (pr,qu) : (Wp,Wq) € PD} (20)
The Spearman correlation between human judgments and

embedding type t €{o, f} is [23]

2
© _ 1 6Z(p,q)epD(rank(sz(,z))—rank(hpq)) 1)
o= Mp(MB-1)

Where Mp is the number of word pairs in dataset D .
A. Comparison Metric: For each dataset D, we define the
improvement as:

app = pg” = pp” (22)
A positive App indicates that the fuzzy embeddings align more
closely with human ratings.

B. Paired  Bootstrap  Significance  Testing:  Statistical
significance is assessed using a paired non-parametric bootstrap

with B = 10,000 resamples ( or 5,000 whenMp < 100 ).

For each sample b, correlations pl()o'b) and pl()f’b) are
recomputed, and differences Ap,gb) = pgf by _ pl()o'b) recorded.

A 95% confidence interval is derived from the 2.5th and 97.5th
percentiles. The two-sided p-value is the proportion of samples

where | Ap$? 121 App .

C. Interpretation of Results: If the 95% confidence interval
for App lies entirely above zero, fuzzy embeddings
significantly outperform original embeddings; if it includes
zero, the improvement is not statistically conclusive. Fig. 5
shows average Spearman correlations across all five models
and six datasets, while Fig. 6 presents a scatter plot where
points above the diagonal y = x indicate improvement.
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Points above the diagonal y = x indicate improvement.

D.Key Observations: Across all datasets and models, fuzzy
embeddings consistently improve alignment with human
similarity judgments (Table I- II)

* BERT shows the most consistent improvements across all
datasets, with absolute gains (+0.095 to +0.362) and strong
percentage improvements (+25.6% to +131.3%).

* GPT-2 demonstrates moderate but consistent improvements,
particularly on RareWords (+18.5%) and MTurk (+22.8%).

* Gemini, Qwen3 show dramatic percentage improvements on
MTurk (+448.5% and +159.0% respectively)
* MiniLM exhibits the most variability,
improvement on SimLex999 (+230.5%).

* MTurk shows the largest improvements across most models,
indicating the fuzzy transformation is particularly effective for
this type of semantic similarity judgment.

with notable



* SimVerb3500 shows modest improvements for most models,
with BERT achieving the largest gain (+32.0%).

TABLE L PERCENTAGE IMPROVEMENT Ap% OF SPEARMAN
CORRELATION ACROSS MODELS AND DATASETS

Dataset GPT2 BERT Gemini Owen3 Minilm
WordSim353 9.5% 27.8% 263% 281.6% 12.7%
SimLex-999  19.2% 2.6% 67.9% 792%  230.5%
MEN 12.7% 37.9%  50.0% 0.0% 0.0%
RareWords 18.5% 25.6% 6.6% 392%  75.4%
MTurk 22.8% 131.3% +448.5% 159.0% 14.2%
SimVerb3500 0.2%  32.0% 3.5% 263.6% 17.2%

TABLE IL ABSOLUTE IMPROVEMENT Ap OF SPEARMAN CORRELATION
ACROSS MODELS AND DATASETS
Dataset GPT-2 BERT Gemini Qwen3 Minilm
WordSim353  0.058 0.156 0.016 0.203 0.018
SimLex999 0.054 0.013  0.056 0.037 0.030
MEN 0.071 0.197  0.017 0.000 0.000
RareWords 0.128 0.137  0.004 0.022 0.045
MTurk 0.121 0362 0.196 0.296 0.012
SimVerb3500 0.000 0.095 0.000 0.078 0.003

E. Model Parameter Selection: Beyond performance gains, the
approach improves explainability by transforming opaque
embeddings into explicit semantic memberships, where each
word is associated with interpretable concepts rather than
abstract dimensions. Parameters were selected through
systematic validation. The number of clusters K was chosen
via silhouette analysis to balance granularity and separation.
The FCM fuzziness parameter m was evaluated
over {1.5:2.0:2.5} , with m = 2.0 selected for optimal
performance and interpretability. Gaussian spreads were
initialized from cluster statistics and scaled using kernel
multipliers {1.0-2.0-3.0} , with w = 3.0 selected to ensure
sufficient coverage without excessive overlap. For multiscale
modelling, scales{1.0- 2.0 3.0}with weights {0.25-0.507 0.25}
were selected, emphasizing medium-scale semantic structure.

F. Mechanisms of Explainability and Polysemy: The
explainability mechanism is illustrated in Fig. 7 using bank as
a case study. Interpretation arises not from a single dimension,
but from fuzzy memberships across multiple semantic
dimensions. In one dimension, clusters correspond to concepts
such as geological formation, physical entity, and financial
institution, aligned with WordNet synsets. Along a different
dimension, the membership shifts toward abstract institutional
meanings while physical associations weaken. This
demonstrates that semantic interpretation is dimension-
dependent, with polysemy represented through coexisting
fuzzy memberships rather than a single latent meaning.

Each concept is modelled as a Gaussian fuzzy set. When
“bank” appears at position z = 0.3 along this dimension, its
memberships are computed as 0.011, 0.835, and 0.138,
respectively. After normalization, these values indicate primary
association with physical entity and secondary association
with financial institution, directly quantifying semantic
ambiguity. More broadly, each word forms a structured
semantic profile, where dimensions contribute partial evidence
toward different interpretations. WordNet reinforces this by

organizing senses hierarchically, allowing words to inherit
meaning from multiple parent concepts. Multiscale fuzzy
modelling captures this hierarchy: narrow kernels emphasize
fine-grained senses, while broader kernels activate higher-level
abstractions. This representation is interpretable for three
reasons. First, semantic grounding: each fuzzy set aligns with
WordNet-based concept clusters rather than arbitrary axes.
Second, quantified meaning: normalized values [0r1]
explicitly measure concept association. Third, explicit
polysemy: multiple non-zero memberships directly encode
ambiguity. All computations remain traceable through
Gaussian functions. Cluster quality metrics confirm meaningful
structure: an average silhouette coefficient of 0.68 indicates
well-separated clusters, intra-cluster cosine similarity averages
0.72 (semantic coherence), and inter-cluster distances average
1.84 in PCA space (clear separation). These results validate that
fuzzy partitions capture genuine semantics rather than arbitrary
segmentation.  Unlike traditional embeddings, fuzzy
embeddings represent each word through explicit semantic
memberships, making meaning, ambiguity, and similarity
directly interpretable. By combining fuzzy logic with
WordNet’s hierarchy, the framework enables transparent
semantic reasoning.

FUZZY MEMBERSHIP FUNCTIONS: How Interpretability Works
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Fig. 7. Explainability demonstration for "bank" Word position (z=0.3) yields
memberships of 1% geological formation, 85% physical entity, and 14%
financial institution.

V. CONCLUSIONS AND FUTURE WORK

This work presents a framework for transforming
opaque transformer embeddings into interpretable,
linguistically grounded fuzzy semantic representations. By
integrating WordNet structure, PCA-based organization, Fuzzy
C-Means clustering, and multiscale Gaussian membership
functions, embeddings are mapped to explicit semantic
concepts rather than latent coordinates. Evaluation across six
benchmarks and multiple transformer models shows that fuzzy
representations improve alignment with human semantic
judgments, demonstrating that interpretability can be achieved
without sacrificing performance. The resulting multiscale
membership vectors provide a transparent view of how
meaning is encoded and where models diverge from human
understanding. Future work will extend the framework using
Type-2 fuzzy logic systems to better capture linguistic and
numerical uncertainty, building on adaptive and non-singleton
fuzzy systems [38] , [39] and decision-making approaches [40]
. Optimization of membership functions could be improved
using multi-objective methods such as NSGA-III. Additional
directions include extending the approach to contextualized



tokens, sentences, and cross-lingual settings, as well as
applications in explainable classification, semantic search, and
interpretable text generation. Finally, dynamic modelling of
polysemy, drawing on adaptive system paradigms [41] ,
remains key to capturing the fluid nature of meaning.
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