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Abstract

DEF2VEC introduces a novel paradigm for
word embeddings, leveraging dictionary def-
initions to learn semantic representations. By
constructing term-document matrices from def-
initions and applying Latent Semantic Analysis
(LSA), DEF2VEC generates embeddings that
offer both strong performance and extensibility.
In evaluations encompassing Part-of-Speech
tagging, Named Entity Recognition, chunking,
and semantic similarity, DEF2VEC often
matches or surpasses state-of-the-art models
like WORD2VEC, GLOVE, and FASTTEXT.
Our model’s second factorised matrix resulting
from LSA enables efficient embedding
extension for out-of-vocabulary words. By
effectively reconciling the advantages of dictio-
nary definitions with LSA-based embeddings,
DEF2VEC yields informative semantic repre-
sentations, especially considering its reduced
data requirements. This paper advances the
understanding of word embedding generation
by incorporating structured lexical information
and efficient embedding extension.

1 Introduction

Nowadays, semantic representations are the core of
Natural Language Processing (NLP), allowing ma-
chines to capture the intricate relationships between
words and their meanings (Liu et al., 2020b). Word
embeddings have emerged as a cornerstone of this
representation, enabling the translation of textual
data into numerical vectors that encapsulate seman-
tic nuances (Jurafsky and Martin, 2023, Chapter 6).
These embeddings facilitate a wide range of
NLP tasks, from sentiment analysis to machine
translation, by endowing algorithms with means
to comprehend and manipulate language, (Raffel
et al., 2020; Brown et al., 2020; Sanh et al., 2022).

Contemporary advances in NLP have witnessed
a paradigm shift from traditional static word embed-
dings to dynamic contextual embeddings, enabled
by Transformer network-based models (Vaswani

et al., 2017). Contextual embeddings, such as those
derived from BERT (Devlin et al., 2019), GPT
(Radford et al., 2018, 2019; Brown et al., 2020;
OpenAI, 2023), and their variants, capture not just
the inherent meaning of a word, but also its signif-
icance within the surrounding context (Liu et al.,
2020a; Wang et al., 2022). While these contextual
embeddings have undeniably revolutionised NLP
benchmarks, the utilisation of static word embed-
dings persists. These embeddings, often generated
through methods like WORD2VEC (Mikolov et al.,
2013a,b), GLOVE (Pennington et al., 2014), and
FASTTEXT (Bojanowski et al., 2017), remain
valuable for their simplicity, interpretability, and
efficiency (Hosseini et al., 2023).

In this paper, we introduce DEF2VEC, an inno-
vative approach to constructing word embeddings
that marries traditional static embeddings’ virtues
with dictionary definitions’ information-rich
nature. Recognising the enduring utility of static
embeddings alongside the dominance of contextual
embeddings, we propose exploiting the structured
knowledge encapsulated in dictionary definitions.
This unique strategy involves building term-
document matrices from the definitions of words,
which are subsequently factorised using Latent
Semantic Analysis (LSA) (Deerwester et al., 1989,
1990). Remarkably, the embeddings extracted
from this factorisation exhibit competitive perfor-
mance on various tasks, often matching or even
outperforming state-of-the-art static embeddings.

Our primary contribution lies in the extensibility
of DEF2VEC embeddings. With a twofold
factorisation approach, DEF2VEC generates robust
embeddings from existing definitions and offers
a seamless mechanism for accommodating new
words into the embedding space. This scalability
addresses a longstanding challenge in word
embeddings, where adding new words necessitates
retraining the entire model. The presented empirical
evaluations across multiple tasks underscore the



strengths of DEF2VEC embeddings, making it a
valuable alternative for static embedding models.

We divide this paper into the following sections.
In Section 2, we discuss related works in the domain
of word embeddings. Section 3 elaborates on the
DEF2VEC model, detailing the term-document
matrix construction and the factorisation process.
Section 4 presents the data set employed for
experimentation. Section 5 outlines our evaluation
methodology, encompassing benchmarks and met-
rics. Subsequently, Section 6 dissects these results,
offering insights into the efficacy of DEF2VEC

embeddings. Finally, Section 7 summarises our
findings and proposes possible future extensions.

2 Related works

Nowadays, word and sentence embeddings are
fundamental tools in NLP, capturing the essence of
language in numerical representations. In this sec-
tion, we provide a taxonomy of embedding models,
classifying them based on the level of the linguistic
unit (words vs. sentences/documents) and the nature
of the representation (static vs. contextual for word
embeddings, parametric vs. non-parametric for
sentence/document embeddings).

2.1 Word Embeddings

Word embeddings are the cornerstone of NLP,
encapsulating word meanings in vector spaces.
These embeddings can be broadly categorised into
two main classes: static and contextual.

Static (or shallow) word embeddings capture
word meanings independently of context, repre-
senting words as fixed vectors. Examples of this
category include WORD2VEC (Mikolov et al.,
2013a,b), GLOVE (Pennington et al., 2014), and
FASTTEXT (Bojanowski et al., 2017), which
generate embeddings through methods like skip-
gram, Continuos-Bag-of-Words (CBoW), global
co-occurrence statistics, and sub-word information.

Contextual (or deep) embeddings, on the other
hand, integrate contextual information to produce
dynamic representations. Models like ELMO (Pe-
ters et al., 2018), BERT (Devlin et al., 2019), GPT
(Radford et al., 2018), and their variants generate
embeddings by considering the surrounding words
or sentences (i.e., the context), resulting in nuanced
and context-sensitive representations (Liu et al.,
2020b). These models build on top of word em-
beddings, starting from static representations and
using Deep Neural Networks (DNNs) for sequence

processing such as Recurrent neural network (El-
man, 1990; Hochreiter and Schmidhuber, 1997) or
Transformer (Vaswani et al., 2017) neural networks.

2.2 Sentence and Document Embeddings

While word embeddings capture individual word
meanings, sentence and document embeddings
aim to capture the meaning of larger textual units.
These embeddings can be classified into parametric
and non-parametric based on their approach to
representation and generation.

Parametric sentence embeddings are generated
using neural network architectures trained to
produce fixed-size vectors from input sequences
(e.g., sentences). SKIP-THOUGHT vectors (Kiros
et al., 2015), SENT2VEC (Pagliardini et al., 2018),
and SENTENCE-BERT (Reimers and Gurevych,
2019, 2020; Thakur et al., 2021) are examples of
such approaches. As for contextual embeddings,
these models are often built using DNNs for
sequence processing.

Non-parametric sentence embeddings rely
on pre-trained models for word embeddings or
statistical methods to generate representations.
Examples include averaging word embeddings,
Smooth Inverse Frequency (SIF) WEIGHTING

(Arora et al., 2017), and DYNAMAX (Zhelezniak
et al., 2019), SFBOW (Muffo et al., 2021, 2023).

3 Model

DEF2VEC presents a novel approach to construct-
ing word embeddings that exploits the structured
information contained within dictionary definitions.
The underlying principle of DEF2VEC involves
the generation of term-document matrices from
dictionary definitions, followed by LSA to yield
semantically informative and extendable embed-
dings. In this section, we explain how to build the
term-document matrix and how LSA is applied to
this matrix to extract the embeddings. Additionally,
we explain how the model can be extended with new
embeddings without requiring any re-training, and,
to conclude, we summarise the model capabilities.

3.1 Building the Term-Document Matrix

Given a vocabulary V of |V| terms (either words of
multi-word expressions), each term in V is associ-
ated with one or more definitions extracted from
linguistic resources. DEF2VEC constructs a term-
document matrixD, where each row corresponds to
the Term Frequency-Inverse Document Frequency



(TF-IDF) representation of the definitions associ-
ated with a term. In the case of terms with multiple
definitions (e.g., polysemous words), the TF-IDF
vectors of individual definitions are averaged.

Mathematically, given a term w∈V represented
as a one-hot vector x∈1|V| (where 1≡{0,1} and
∥x∥=1) and its corresponding TF-IDF definition
vector y ∈ R|V|, we establish the relationship
defined in Equation (1).

y=x·D (1)

Where D∈R|V|×|V| is a sparse matrix, connect-
ing terms to their definitions. Di, the i-th row of
D, is such that Di=y (supposing w is the i-th term
in V).

3.2 Latent Semantic Analysis

To distil semantic information and generate
embeddings, DEF2VEC applies LSA to the
term-document matrix D. LSA is de facto reduced
(or truncated) Singular Value Decomposition
(SVD), a method for matrix factorisation.

The term-document matrix D is factorised as
reported in Equation (2). The process is represented
in Figure 1.

D≃U·Σ·V⊤ (2)

Here, Σ ∈ Rd×d is a diagonal matrix with the
singular values and U ∈ R|V|×d and V ∈ R|V|×d

are matrices containing the left and right singular
vectors, respectively. d is the desired embedding
dimensionality, a tunable hyperparameter of the
DEF2VEC model.

3.3 Extensibility and Reconstruction

The significance of DEF2VEC lies in its extensi-
bility. SVD decomposition yields embeddings as
rows of the matrix U. However, the right singular
vectors in V and the singular values in Σ can be
exploited to generate embeddings from the TF-IDF
representation of a term’s definition as presented
by Equation (3):

x·U=Ui=u≃y·V·Σ−1 (3)

Both processes of embedding fetching from U and
the embedding reconstruction from V and Σ are
visualised in Figure 2.

This approach makes the embeddings extensible,
enabling adding new terms without retraining the
entire model. The downside of the approach is the

Table 1: Comparison of vocabulary size and data set size
of the considered word embedding models.

Model Vocabulary
size ×109

No. training
tokens ×109

DEF2VEC 0.76 0.05
WORD2VEC 3 100
GLOVE 2 840
FASTTEXT 2.19 600

small reconstruction error the truncation introduces
after the SVD process. However, neural networks,
which operate based on these embeddings, are
expected to remain robust to the slight variations
introduced by the reconstruction process (as we
show in our evaluation).

3.4 Robustness and Quality of Representations
DEF2VEC’s embeddings benefit from the semantic
richness of dictionary definitions while preserving
the efficiency of static embeddings. This model
leverages LSA’s decomposition to capture latent
semantic relationships within definitions, yielding
embeddings that demonstrate semantic coherence
even in the presence of noise and variation inherent
in textual definitions.

In summary, DEF2VEC introduces a novel
methodology that combines the interpretability and
extensibility of static embeddings with the rich se-
mantic information present in dictionary definitions.
We realised our implementation of DEF2VEC using
Scikit-Learn (Pedregosa et al., 2012), which offer
utilities for TF-IDF vectorisation and SVD.

4 Data

The foundation of the DEF2VEC model lies in
the use of the WIKTIONARY1 as a rich source
of linguistic information. WIKTIONARY, a
project by the Wikipedia Foundation, offers a
comprehensive dictionary encompassing various
languages, providing definitions, pronunciations,
etymologies, and more for a wide array of terms. To
construct the DEF2VEC data set, we “mined” the
English-language instance of the WIKTIONARY,
extracting definitions to form the basis of our
semantic representations.

To the end of this work, we used the dump file of
the English WIKTIONARY from September 20202.

1Website: https : / / en.wiktionary.org / wiki /
Wiktionary:Main_Page.

2The latest dumps of the WIKITIONARY are available

https://en.wiktionary.org/wiki/Wiktionary:Main_Page
https://en.wiktionary.org/wiki/Wiktionary:Main_Page
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Figure 1: DEF2VEC term-document matrix decomposition.

Embedding 
Fetching

Word
Embedding

Embedding
Reconstruction

<latexit sha1_base64="mTtoH3E7/Zc9RJEl7/yp8TckfyE=">AAACH3icbVC7TsNAEDyHVwivBEqaExESVWQjHikj0VAGiQSkxIrWxwYO7s7mbo2ErPwDLXR8DR2i5W9wgguSMNVoZlezO1GipCPf//ZKC4tLyyvl1cra+sbmVrW23XVxagV2RKxiex2BQyUNdkiSwuvEIuhI4VX0cDb2r57QOhmbS3pOMNRwa+RQCqBc6vad1Pg4qNb9hj8BnydBQeqsQHtQ8xb6N7FINRoSCpzrBX5CYQaWpFA4qvRThwmIB7jFXk4NaHRhNjl3xPdTBxTzBC2Xik9E/LuRgXbuWUf5pAa6c7PeWPzP66U0bIaZNElKaMQ4iKTCSZATVuY9IL+RFolgfDlyabgAC0RoJQchcjHNi5kKNFLg0IKYeiqL9KiS1xbMljRPuoeN4KRxfHFUbzWLAstsl+2xAxawU9Zi56zNOkywe/bCXtmb9+59eJ/e1+9oySt2dtgUvO8fSS6imQ==</latexit>' <latexit sha1_base64="Cp7bNwVP5w6+u0oW25m9hvimDhA=">AAACHnicbVDLTgJBEJwFH4gv0KOXicTEE9k1PjiSePGIiTwSIKR3aHDC7OxmpteEbPgGr3rza7wZr/o37iIHAetUqepOdZcfKWnJdb+dXH5jc2u7sFPc3ds/OCyVj1o2jI3ApghVaDo+WFRSY5MkKexEBiHwFbb9yW3mt5/QWBnqB5pG2A9grOVICqBUavbEMKRBqeJW3Tn4OvEWpMIWaAzKTr43DEUcoCahwNqu50bUT8CQFApnxV5sMQIxgTF2U6ohQNtP5tfO+FlsgUIeoeFS8bmIfzcSCKydBn46GQA92lUvE//zujGNav1E6igm1CILIqlwHmSFkWkNyIfSIBFklyOXmgswQIRGchAiFeO0l6VALQWODIilpxI/mBXT2rzVktZJ66LqXVev7i8r9dqiwAI7YafsnHnshtXZHWuwJhNMsmf2wl6dN+fd+XA+f0dzzmLnmC3B+foBWZGiGg==</latexit>· <latexit sha1_base64="Cp7bNwVP5w6+u0oW25m9hvimDhA=">AAACHnicbVDLTgJBEJwFH4gv0KOXicTEE9k1PjiSePGIiTwSIKR3aHDC7OxmpteEbPgGr3rza7wZr/o37iIHAetUqepOdZcfKWnJdb+dXH5jc2u7sFPc3ds/OCyVj1o2jI3ApghVaDo+WFRSY5MkKexEBiHwFbb9yW3mt5/QWBnqB5pG2A9grOVICqBUavbEMKRBqeJW3Tn4OvEWpMIWaAzKTr43DEUcoCahwNqu50bUT8CQFApnxV5sMQIxgTF2U6ohQNtP5tfO+FlsgUIeoeFS8bmIfzcSCKydBn46GQA92lUvE//zujGNav1E6igm1CILIqlwHmSFkWkNyIfSIBFklyOXmgswQIRGchAiFeO0l6VALQWODIilpxI/mBXT2rzVktZJ66LqXVev7i8r9dqiwAI7YafsnHnshtXZHWuwJhNMsmf2wl6dN+fd+XA+f0dzzmLnmC3B+foBWZGiGg==</latexit>·

<latexit sha1_base64="3fDVrK3RxwseC38y7CueD0RvSnU=">AAACI3icbVDLTgJBEJwVH4gv0KOXicTEE9k1PjiSePGIiTwiENI7NDhhdnYz02tCNvyFV735Nd6MFw/+i7vIQcA6Vaq6U93lR0pact0vZy23vrG5ld8u7Ozu7R8US4dNG8ZGYEOEKjRtHywqqbFBkhS2I4MQ+Apb/vgm81tPaKwM9T1NIuwFMNJyKAVQKj0MeJdkgJYP+sWyW3Fn4KvEm5Mym6PeLzm57iAUcYCahAJrO54bUS8BQ1IonBa6scUIxBhG2EmphjSnl8xOnvLT2AKFPELDpeIzEf9uJBBYOwn8dDIAerTLXib+53ViGlZ7idRRTKhFFkRS4SzICiPTLpAPpEEiyC5HLjUXYIAIjeQgRCrGaTkLgVoKHBoQC08lfjAtpLV5yyWtkuZ5xbuqXN5dlGvVeYF5dsxO2Bnz2DWrsVtWZw0mmGbP7IW9Om/Ou/PhfP6OrjnznSO2AOf7B7BOo8w=</latexit>

d ⇥ d

<latexit sha1_base64="f3tUjtUzN0+3CflprTScjsFP3x8=">AAACI3icbVDLTgJBEJwVH4gv0KOXicTEE9k1PjiSePGIiTwiENI7NDhhdnYz02tCNvyFV735Nd6MFw/+i7vIQcA6Vaq609XlR0pact0vZy23vrG5ld8u7Ozu7R8US4dNG8ZGYEOEKjRtHywqqbFBkhS2I4MQ+Apb/vgm81tPaKwM9T1NIuwFMNJyKAVQKj10A6BHf5hMpv1i2a24M/BV4s1Jmc1R75ecXHcQijhATUKBtR3PjaiXgCEpFE4L3dhiBGIMI+ykVEOAtpfMIk/5aWyBQh6h4VLxmYh/NxIIrJ0EfjqZRbTLXib+53ViGlZ7idRRTKhFdoikwtkhK4xMu0A+kAaJIEuOXGouwAARGslBiFSM03IWDmopcGhALDyV+MG0kNbmLZe0SprnFe+qcnl3Ua5V5wXm2TE7YWfMY9esxm5ZnTWYYJo9sxf26rw5786H8/k7uubMd47YApzvH+9hpIU=</latexit>y

<latexit sha1_base64="b/akSprh2S+YK1oWgnKLUhyXQwc=">AAACJnicbVC7TsNAEDwTHiE8AyXNiQiJKrIRj5SRaCiDRB5SYqH1sYET57O5WyMhk++ghY6voUOIjk/BNi5IYKrRzK52doJYSUuu++nMVeYXFpeqy7WV1bX1jc36Vs9GiRHYFZGKzCAAi0pq7JIkhYPYIISBwn5we5r7/Xs0Vkb6gh5i9EO41nIsBVAm+Y+jEOhGgEp7k8fLzYbbdAvwv8QrSYOV6FzWncroKhJJiJqEAmuHnhuTn4IhKRROaqPEYgziFq5xmFENIVo/LVJP+F5igSIeo+FS8ULE3xsphNY+hEE2mYe0s14u/ucNExq3/FTqOCHUIj9EUmFxyAojszqQX0mDRJAnRy41F2CACI3kIEQmJlk/Uwe1FDg2IKaeSoNwUstq82ZL+kt6B03vuHl0fthot8oCq2yH7bJ95rET1mZnrMO6TLA79sSe2Yvz6rw5787Hz+icU+5ssyk4X9+LnqXg</latexit>|V|

<latexit sha1_base64="U2dTFkN1Eje6SjUzPrPLurhIi/E=">AAACI3icbVC7TsNAEDwnPEJ4BShpTkRIVJGNeKREoqEMEgmIxELrywZOOZ+tuzUCWf4LWuj4GjpEQ8G/YAcXJDDVaGZXOztBrKQl1/10KtW5+YXF2lJ9eWV1bb2xsdmzUWIEdkWkInMVgEUlNXZJksKr2CCEgcLLYHxa+Jf3aKyM9AU9xuiHcKvlSAqgXLoehEB3wSh9yG4aTbflTsD/Eq8kTVaic7PhVAfDSCQhahIKrO17bkx+CoakUJjVB4nFGMQYbrGfUw0hWj+dRM74bmKBIh6j4VLxiYi/N1IIrX0Mg3yyiGhnvUL8z+snNGr7qdRxQqhFcYikwskhK4zMu0A+lAaJoEiOXGouwAARGslBiFxM8nKmDmopcGRATD2VBmFWz2vzZkv6S3r7Le+odXh+0DxplwXW2DbbYXvMY8fshJ2xDusywTR7Ys/sxXl13px35+NntOKUO1tsCs7XN+2qpIQ=</latexit>x
<latexit sha1_base64="tjJ7rmLNBlVZSgWhOVWA/dWk3/0=">AAACI3icbVDLTgJBEJwVH4gv0KOXicTEE9k1PjiSePGIiTwiENI7NDhhdnYz02tCNvyFV735Nd6MFw/+i7vIQcA6Vaq609XlR0pact0vZy23vrG5ld8u7Ozu7R8US4dNG8ZGYEOEKjRtHywqqbFBkhS2I4MQ+Apb/vgm81tPaKwM9T1NIuwFMNJyKAVQKj10A6BHf5g0pv1i2a24M/BV4s1Jmc1R75ecXHcQijhATUKBtR3PjaiXgCEpFE4L3dhiBGIMI+ykVEOAtpfMIk/5aWyBQh6h4VLxmYh/NxIIrJ0EfjqZRbTLXib+53ViGlZ7idRRTKhFdoikwtkhK4xMu0A+kAaJIEuOXGouwAARGslBiFSM03IWDmopcGhALDyV+MG0kNbmLZe0SprnFe+qcnl3Ua5V5wXm2TE7YWfMY9esxm5ZnTWYYJo9sxf26rw5786H8/k7uubMd47YApzvH7GlpGE=</latexit>

U

<latexit sha1_base64="b/akSprh2S+YK1oWgnKLUhyXQwc=">AAACJnicbVC7TsNAEDwTHiE8AyXNiQiJKrIRj5SRaCiDRB5SYqH1sYET57O5WyMhk++ghY6voUOIjk/BNi5IYKrRzK52doJYSUuu++nMVeYXFpeqy7WV1bX1jc36Vs9GiRHYFZGKzCAAi0pq7JIkhYPYIISBwn5we5r7/Xs0Vkb6gh5i9EO41nIsBVAm+Y+jEOhGgEp7k8fLzYbbdAvwv8QrSYOV6FzWncroKhJJiJqEAmuHnhuTn4IhKRROaqPEYgziFq5xmFENIVo/LVJP+F5igSIeo+FS8ULE3xsphNY+hEE2mYe0s14u/ucNExq3/FTqOCHUIj9EUmFxyAojszqQX0mDRJAnRy41F2CACI3kIEQmJlk/Uwe1FDg2IKaeSoNwUstq82ZL+kt6B03vuHl0fthot8oCq2yH7bJ95rET1mZnrMO6TLA79sSe2Yvz6rw5787Hz+icU+5ssyk4X9+LnqXg</latexit>|V| <latexit sha1_base64="WXMUoF8Ll/Taedmnxc1+bY4mqpA=">AAACMXicbVC7TsNAEDzzJrwSkGhoTkRIVJGNeKSMREMJEnlISRStL5twyvls3a2RIic/QwsdX0OHaPkJbJOCJEw1mtnV7I4fKWnJdT+cldW19Y3Nre3Czu7e/kGxdNiwYWwE1kWoQtPywaKSGuskSWErMgiBr7Dpj24zv/mMxspQP9I4wm4AQy0HUgClUq94POkEQE8CVNKYTniHZICW93vFsltxc/Bl4s1Imc1w3ys5q51+KOIANQkF1rY9N6JuAoakUDgtdGKLEYgRDLGdUg1pTjfJH5jys9gChTxCw6XiuYh/NxIIrB0HfjqZXWsXvUz8z2vHNKh2E6mjmFCLLIikwjzICiPTZpD3pUEiyC5HLjUXYIAIjeQgRCrGaVVzgVoKHBgQc08lfjAtpLV5iyUtk8ZFxbuuXD1clmvVWYFb7ISdsnPmsRtWY3fsntWZYBP2wl7Zm/PufDifztfv6Ioz2zlic3C+fwDzQ6mN</latexit>|V| ⇥ d

<latexit sha1_base64="Cp7bNwVP5w6+u0oW25m9hvimDhA=">AAACHnicbVDLTgJBEJwFH4gv0KOXicTEE9k1PjiSePGIiTwSIKR3aHDC7OxmpteEbPgGr3rza7wZr/o37iIHAetUqepOdZcfKWnJdb+dXH5jc2u7sFPc3ds/OCyVj1o2jI3ApghVaDo+WFRSY5MkKexEBiHwFbb9yW3mt5/QWBnqB5pG2A9grOVICqBUavbEMKRBqeJW3Tn4OvEWpMIWaAzKTr43DEUcoCahwNqu50bUT8CQFApnxV5sMQIxgTF2U6ohQNtP5tfO+FlsgUIeoeFS8bmIfzcSCKydBn46GQA92lUvE//zujGNav1E6igm1CILIqlwHmSFkWkNyIfSIBFklyOXmgswQIRGchAiFeO0l6VALQWODIilpxI/mBXT2rzVktZJ66LqXVev7i8r9dqiwAI7YafsnHnshtXZHWuwJhNMsmf2wl6dN+fd+XA+f0dzzmLnmC3B+foBWZGiGg==</latexit>·

<latexit sha1_base64="TH+mFuUH4W7mv1LhotM5kR0Bhr8=">AAACI3icbVDLTgJBEJwVH4gv0KOXicTEE9k1PjiSePGIiTwiENI7NDhhdnYz02tCNvyFV735Nd6MFw/+i7vIQcA6Vaq609XlR0pact0vZy23vrG5ld8u7Ozu7R8US4dNG8ZGYEOEKjRtHywqqbFBkhS2I4MQ+Apb/vgm81tPaKwM9T1NIuwFMNJyKAVQKj10A6BHf5g0p/1i2a24M/BV4s1Jmc1R75ecXHcQijhATUKBtR3PjaiXgCEpFE4L3dhiBGIMI+ykVEOAtpfMIk/5aWyBQh6h4VLxmYh/NxIIrJ0EfjqZRbTLXib+53ViGlZ7idRRTKhFdoikwtkhK4xMu0A+kAaJIEuOXGouwAARGslBiFSM03IWDmopcGhALDyV+MG0kNbmLZe0SprnFe+qcnl3Ua5V5wXm2TE7YWfMY9esxm5ZnTWYYJo9sxf26rw5786H8/k7uubMd47YApzvH7NcpGI=</latexit>

V

<latexit sha1_base64="3sGWSBcRuhQGycplPocu3Gh7BpE=">AAACGnicbVDLTgJBEJwFH4gv0KOXicTEE9k1PriYkHjxCIk8EiCkd2hwwuzsZqbXhGz4Aq9682u8Ga9e/BsX5CBgnSpV3anu8iMlLbnut5PJbmxubed28rt7+weHheJR04axEdgQoQpN2weLSmpskCSF7cggBL7Clj++m/mtJzRWhvqBJhH2AhhpOZQCKJXqt/1CyS27c/B14i1IiS1Q6xedbHcQijhATUKBtR3PjaiXgCEpFE7z3dhiBGIMI+ykVEOAtpfML53ys9gChTxCw6XicxH/biQQWDsJ/HQyAHq0q95M/M/rxDSs9BKpo5hQi1kQSYXzICuMTCtAPpAGiWB2OXKpuQADRGgkByFSMU47WQrUUuDQgFh6KvGDaT6tzVstaZ00L8redfmqflmqVhYF5tgJO2XnzGM3rMruWY01mGDIntkLe3XenHfnw/n8Hc04i51jtgTn6wezO6Ap</latexit>=

<latexit sha1_base64="CTQeJNAdyIjKhNyU6aIioXCgXYU=">AAACGnicbVDLTgJBEJwVH4gv0KOXicTEE9k1PjiSePEIiTwSIKR3aHDC7OxmpteEbPgCr3rza7wZr178G3eRg4B1qlR1p7rLj5S05LrfzkZuc2t7J79b2Ns/ODwqlo5bNoyNwKYIVWg6PlhUUmOTJCnsRAYh8BW2/cld5ref0FgZ6geaRtgPYKzlSAqgVGoMB8WyW3Hn4OvEW5AyW6A+KDm53jAUcYCahAJru54bUT8BQ1IonBV6scUIxATG2E2phgBtP5lfOuPnsQUKeYSGS8XnIv7dSCCwdhr46WQA9GhXvUz8z+vGNKr2E6mjmFCLLIikwnmQFUamFSAfSoNEkF2OXGouwAARGslBiFSM006WArUUODIglp5K/GBWSGvzVktaJ63LindTuW5clWvVRYF5dsrO2AXz2C2rsXtWZ00mGLJn9sJenTfn3flwPn9HN5zFzglbgvP1A/X1oFA=</latexit>

d

<latexit sha1_base64="y81a3IzJMNSLqWefxk3uUvgHYYA=">AAACI3icbVDLTgJBEJwVH4gv0KOXicTEE9k1PjiSePGIiTwiENI7NDhhdnYz02tCNvyFV735Nd6MFw/+i7vIQcA6Vaq609XlR0pact0vZy23vrG5ld8u7Ozu7R8US4dNG8ZGYEOEKjRtHywqqbFBkhS2I4MQ+Apb/vgm81tPaKwM9T1NIuwFMNJyKAVQKj10A6BHf5jE036x7FbcGfgq8eakzOao90tOrjsIRRygJqHA2o7nRtRLwJAUCqeFbmwxAjGGEXZSqiFA20tmkaf8NLZAIY/QcKn4TMS/GwkE1k4CP53MItplLxP/8zoxDau9ROooJtQiO0RS4eyQFUamXSAfSINEkCVHLjUXYIAIjeQgRCrGaTkLB7UUODQgFp5K/GBaSGvzlktaJc3zindVuby7KNeq8wLz7JidsDPmsWtWY7eszhpMMM2e2Qt7dd6cd+fD+fwdXXPmO0dsAc73D+iFpIE=</latexit>u

<latexit sha1_base64="WXMUoF8Ll/Taedmnxc1+bY4mqpA=">AAACMXicbVC7TsNAEDzzJrwSkGhoTkRIVJGNeKSMREMJEnlISRStL5twyvls3a2RIic/QwsdX0OHaPkJbJOCJEw1mtnV7I4fKWnJdT+cldW19Y3Nre3Czu7e/kGxdNiwYWwE1kWoQtPywaKSGuskSWErMgiBr7Dpj24zv/mMxspQP9I4wm4AQy0HUgClUq94POkEQE8CVNKYTniHZICW93vFsltxc/Bl4s1Imc1w3ys5q51+KOIANQkF1rY9N6JuAoakUDgtdGKLEYgRDLGdUg1pTjfJH5jys9gChTxCw6XiuYh/NxIIrB0HfjqZXWsXvUz8z2vHNKh2E6mjmFCLLIikwjzICiPTZpD3pUEiyC5HLjUXYIAIjeQgRCrGaVVzgVoKHBgQc08lfjAtpLV5iyUtk8ZFxbuuXD1clmvVWYFb7ISdsnPmsRtWY3fsntWZYBP2wl7Zm/PufDifztfv6Ioz2zlic3C+fwDzQ6mN</latexit>|V| ⇥ d

<latexit sha1_base64="8vi1ryQ78z8oDwc/4KN9WFal4nQ=">AAACL3icbVC7TsNAEDwTnuEVHh3NiQiJhshGvMpINJQgSEBKQrQ+NuHE3dm6WyOB5X+hhY6vQTSIlr/ADilIYKrRzK52dsJYSUe+/+5NlCanpmdm58rzC4tLy5WV1aaLEiuwISIV2asQHCppsEGSFF7FFkGHCi/Du+PCv7xH62RkLughxo6GvpE9KYByqVtZb2ug27CXts9lX0N2ne4EWbdS9Wv+APwvCYakyoY47a54pfZNJBKNhoQC51qBH1MnBUtSKMzK7cRhDOIO+tjKqQGNrpMO4md8K3FAEY/Rcqn4QMTfGylo5x50mE8WYd24V4j/ea2EekedVJo4ITSiOERS4eCQE1bmvSC/kRaJoEiOXBouwAIRWslBiFxM8qJGDhopsGdBjDyVhjor57UF4yX9Jc3dWnBQ2z/bq9aPhgXOsg22ybZZwA5ZnZ2wU9Zggj2yJ/bMXrxX78378D5/Rie84c4aG4H39Q0mgqii</latexit>
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Figure 2: DEF2VEC embedding fetching and reconstruction processes.

The XML structure of the dump file consists of
individual pages, each corresponding to a dictionary
entry. A page includes a title, which is the term
being defined, and a text section encapsulating the
various elements of the entry, such as definitions,
examples, synonyms, and more.

We cleaned and processed the data to generate a
cohesive data set suitable for training the DEF2VEC

model. We filtered out non-English entries and
definitions associated with multiple languages,
retaining only English ones. Additionally, we re-
moved formatting tags, comments, and extraneous
information, focusing solely on the textual content
relevant to our work.

Each definition is preceded by the symbol # ,
which we removed during the parsing process. Our
parser also excluded definitions marked with the
label rfdef , indicating that the definitions did not
exist on the corresponding WIKTIONARY web page.

at the following link: https://dumps.wikimedia.org/
enwiktionary/.

We further addressed links to other WIKTIONARY

pages, Wikipedia pages, or appendices, ensuring
that only relevant words were retained.

We made distinctions between locutions (multi-
word expressions) and proper nouns. While generic
locutions were excluded, locutions related to proper
nouns were retained. Proper nouns carry distinct se-
mantic significance and enrich the contextual under-
standing of terms. The data set consists of approx-
imately 764,595 tokens and 1,023,372 definitions.
Additionally, it comprises 12,903 locutions. No-
tably, the data set includes 39,251 tokens containing
punctuation, allowing the model to capture the nu-
ances of language even in the presence of punctuated
terms. Compared to other word embedding models,
ours is less “data-hungry” as highlighted in Table 1.

By leveraging the structured information in
WIKTIONARY, we constructed a comprehensive
data set that serves as the foundation for training
the DEF2VEC model. The subsequent sections
delve into the architecture of DEF2VEC and its

https://dumps.wikimedia.org/enwiktionary/
https://dumps.wikimedia.org/enwiktionary/


Table 2: Main statistics of the benchmark data sets.

Bechmark Split No.
samples

Avg. no.
tokens

CONLL-2003

Train 14,041 14.5
Val. 3250 15.8
Test 3453 13.5

Total 20,744 14.5

STS

Train 5749 22.8
Val. 1500 26.4
Test 1379 22.6

Total 8628 23.4

Table 3: Fraction of sentences containing tokens
removed for the reconstruction evaluation.

Bechmark Split Faction of
sentences [%]

CONLL-2003
Train 40.7
Val. 40.5
Test 42.6

STS
Train 46.5
Val. 50.0
Test 60.2

performance across various tasks, illustrating its
unique approach to word embeddings.

5 Evaluation

This comprehensive section presents our evaluation
strategy for the DEF2VEC model. We describe the
selected benchmarks, the evaluation approach, and
the baselines we used for comparison.

5.1 Benchmarks

Our evaluation benchmarks encompass diverse
linguistic tasks, providing a comprehensive
understanding of DEF2VEC’s performance.

We employed the CONLL-2003 data set (Tjong
Kim Sang and De Meulder, 2003) for sequence
labelling tasks: namely Part-of-Speech (POS)
tagging, Named Entity Recognition (NER) and
chunking (CHUNK). The CONLL-2003 data set
was proposed as NER benchmark in the CoNLL
conference (Daelemans and Osborne, 2003) and
provides tags in BIO format for POS, NER, and
CHUNK tasks. The data set, divided into training,
validation, and test splits, facilitated an evaluation

of DEF2VEC’s capabilities in capturing linguistic
structures and semantic nuances. Each sample is a
pre-tokenised sentence (the input); each token of the
sentence has its reference labels (the target output).

For sentence similarity, we turned to the Semantic
Textual Similarity (STS) data set (Cer et al., 2017),
evaluating DEF2VEC’s ability to capture semantic
relationships. The STS Benchmark comprises a
selection of the English corpora used in organised
in the context of the SemEval challenges between
2012 and 2016 (Agirre et al., 2012, 2013, 2014,
2015, 2016). The selection of corpora composing
the data set includes text from image captions, news
headlines, and user forums. Each sample in the
corpus comprises a pair of sentences (the input) and
their similarity score (the target output).

5.2 Approach
Our evaluation approach involves a two-pronged
strategy: assessing embedding quality and recon-
struction effectiveness. We trained Convolutional
Neural Networks (CNNs) tailored to the tasks to
evaluate embedding quality. These CNNs featured
essential layers to ensure robust evaluations while
mitigating overfitting risks:

• Dropout Layers: We introduced dropout layers
with a 10% dropout probability, serving as
regularisation mechanisms during training.

• Convolutional Layers: Our architecture
included a convolutional layer with a kernel
width of 5 embeddings, using the Gaussian
Error Linear Unit (GELU) activation function
for non-linearity.

• Additional Dropout: An extra dropout layer for
further regularisation, with a 10% probability,
followed the convolutional layers.

For sequence labelling tasks (POS, NER,
CHUNK), our approach incorporated a linear layer
to map input vectors to logit scores. Applying
sequence-wise softmax operations yielded label
probabilities. This enabled an in-depth evaluation
of DEF2VEC’s capacity to capture syntactic and
semantic features across various linguistic tasks.

We utilised the Semantic Textual Similarity (STS)
data set to train parametric sentence embedding
models. We generated the sentence embeddings
by employing a siamese network architecture
with attention pooling. We computed the cosine
similarity of these embeddings to quantify the



sentence similarity. This benchmark evaluated
DEF2VEC’s appropriateness to capture nuanced
semantic relationships at sentence level.

The choices in the neural network architectures
were mainly guided by the reference work of Col-
lobert et al. (2011), where word embeddings were
first used to improve results on different NLP tasks.

In addition to assessing embedding quality, we
examined DEF2VEC’s reconstruction capabilities.
We pruned the WIKTIONARY data set, removing
words with frequencies of 10 or fewer occurrences.
Subsequently, we retrained DEF2VEC on the
remaining 30,174 terms and their definitions.

We employed this reduced model to reconstruct
embeddings for words in the benchmark samples
lacking embeddings. We reported the statistics on
the affected samples in Table 3. These reconstructed
embeddings were generated from their Wiktionary
definitions.

5.3 Baselines

Throughout all benchmark tasks, we conducted ex-
tensive comparisons between DEF2VEC (D2V) and
established word embedding models: WORD2VEC

(W2V), GLOVE (GV), and FASTTEXT (FT). These
comparisons allowed us to gauge DEF2VEC’s
performance against widely recognised methods.

This comprehensive evaluation approach, supple-
mented by a thorough assessment of reconstruction
capabilities, is the foundation for our analysis
of DEF2VEC’s performance in the subsequent
results section. By investigating both embedding
quality and reconstruction effectiveness, we aim
to understand DEF2VEC’s capabilities in capturing
and representing semantic information within
dictionary definitions.

6 Results

This section presents and discusses the results of
our proposed DEF2VEC model across various
linguistic tasks.

6.1 Sequence Labelling Tasks

Tables 4 to 6 showcase the classification results of
DEF2VEC, along with comparisons to established
embedding models, on the CONLL-2003 data
set for the POS, NER, and CHUNK tasks, respec-
tively. Across all tasks, DEF2VEC demonstrates
competitive performances.

In the POS task, DEF2VEC achieves accuracy
scores of 73.64% (Validation) and 72.42% (Test),

Table 4: Classification results on the POS task from
CONLL-2003.

Model Split Metric [%]

Acc. Prec. Rec. F1 AUC

D2V Val. 73.64 85.68 73.64 77.62 95.84
Test 72.42 85.41 72.42 76.55 94.63

W2V
Val. 64.13 85.70 64.13 70.20 94.99
Test 60.01 85.92 60.01 67.45 94.07

GV
Val. 82.53 90.49 82.53 85.43 97.94
Test 82.38 90.79 82.38 85.51 97.86

FT
Val. 80.27 90.47 80.27 83.72 97.81
Test 79.90 90.31 79.90 83.30 97.73

Table 5: Classification results on the NER task from
CONLL-2003.

Model Split Metric [%]

Acc. Prec. Rec. F1 AUC

D2V Val. 73.89 99.31 73.89 83.89 97.24
Test 71.98 99.28 71.98 83.09 96.28

W2V
Val. 75.00 99.21 75.00 84.50 96.52
Test 73.31 99.25 73.31 83.95 95.44

GV
Val. 91.80 99.58 91.80 95.34 99.29
Test 90.52 99.47 90.52 94.60 99.21

FT
Val. 90.30 99.57 90.30 94.51 99.20
Test 89.32 99.47 89.32 93.93 99.12

Table 6: Classification results on the CHUNK task from
CONLL-2003.

Model Split Metric [%]

Acc. Prec. Rec. F1 AUC

D2V Val. 77.79 86.81 77.79 81.34 94.37
Test 77.69 86.56 77.69 81.45 93.07

W2V
Val. 66.12 82.97 66.12 71.35 90.28
Test 64.94 82.19 64.94 71.00 87.91

GV
Val. 80.09 89.86 80.09 84.09 95.18
Test 79.43 89.20 79.43 83.51 94.49

FT
Val. 82.38 90.21 82.38 85.60 95.03
Test 82.28 89.63 82.28 85.39 94.55

showing its proficiency in capturing syntactic
information. It clearly outperforms WORD2VEC,
but is still distant from GLOVE and FASTTEXT.

For NER, DEF2VEC achieves 73.89% (Val-
idation) and 71.98% (Test) accuracy. While
GLOVE and FASTTEXT yields the highest accuracy,
DEF2VEC remains competitive in precision, recall,
F1, and AUC. Results against WORD2VEC are still
comparable on all metrics.



Table 7: Spearman correlation score on the different
subsets of the STS benchmark.

Model Split
Spearman correlation [%]

Subset Total
Caption Forum News

D2V Val. 76.27 30.17 60.84 69.98
Test 75.52 42.68 57.43 63.72

W2V
Val. 83.33 49.61 63.22 77.67
Test 81.57 52.46 59.18 69.45

GV
Val. 83.45 55.96 66.60 78.37
Test 80.17 53.49 63.16 69.00

FT
Val. 86.08 58.95 70.08 81.14
Test 83.27 59.92 61.48 72.49

In the CHUNK task, DEF2VEC achieves an
accuracy of 77.79% (Validation) and 77.69% (Test),
consistently competing with established methods
and again outperforming WORD2VEC.

Across these tasks, DEF2VEC demonstrates its
proficiency in capturing syntactic and semantic
features, effectively supporting sequence labelling
tasks. DEF2VEC consistenstly performs better
or similar to WORD2VEC embeddings. However,
DEF2VEC only gets close, but never outperforms
more sophisticated embeddings like GLOVE and
FASTTEXT.

6.2 Sentence Similarity Benchmark

The Spearman correlation scores for the STS bench-
mark are shown in Table Table 7. Here, we can see
that DEF2VEC’s performance in capturing semantic
relationships among sentence pairs is satisfactory.

For the validation subset, DEF2VEC achieves a
Spearman correlation score of 69.98% (Total), with
a string drop on the Forum subset (30.17%). All the
other models share this drop, but it is not equally
remarkable.

In the test subset, DEF2VEC obtains a correlation
of 63.72% (Total). Differently from sequence
labelling tasks, the gap with the validation results
is more significant, but, again, it is a behaviour
similar to that of all the baselines. Differently from
the other models, the gap (absolute or relative)
between validation and test is lower, hinting at
higher robustness of the sentence embeddings.

While outperformed by the other model in all
subsets, DEF2VEC maintains competitive perfor-
mance and robustly captures semantic information,
yielding overall Spearman correlations >60%.

Table 8: Classification results on the CONLL-2003
tasks of the reconstructed DEF2VEC embeddings.

Task Split Metric [%]

Acc. Prec. Rec. F1 AUC

POS
Val. 74.35 86.53 74.35 78.40 96.11
Test 73.38 86.35 73.38 77.54 94.99

NER
Val. 74.19 99.32 74.19 84.09 97.23
Test 72.28 99.29 72.28 83.30 96.37

CHUNK
Val. 77.84 86.97 77.84 81.47 94.44
Test 77.84 86.61 77.84 81.56 93.08

Table 9: Differences between the classification scores on
the CONLL-2003 tasks of the reconstructed DEF2VEC
word embeddings and the original ones.

Task Split ∆Metric [%]

Acc. Prec. Rec. F1 AUC

POS
Val. 0.71 0.85 0.71 0.78 0.27
Test 0.95 0.94 0.95 0.98 0.36

NER
Val. 0.29 0.01 0.29 0.20 −0.01
Test 0.30 0.01 0.30 0.21 0.08

CHUNK
Val. 0.05 0.16 0.05 0.13 0.07
Test 0.15 0.05 0.15 0.12 0.01

Table 10: Spearman correlation score on the STS
benchmark of the reconstructed DEF2VEC embeddings.

Task Split
Spearman correlation [%]

Subset Total
Caption Forum News

STS
Val. 75.93 34.15 61.74 70.73
Test 73.19 43.05 57.47 62.57

Table 11: Differences between the Spearman correlation
scores on the STS benchmark of the DEF2VEC
reconstructed word embeddings and the original ones.

Task Split
∆Spearman correlation [%]

Subset Total
Caption Forum News

STS
Val. −0.34 3.98 0.90 0.75
Test −2.32 0.36 0.05 −1.15

6.3 Reconstruction Capabilities

We evaluate DEF2VEC’s reconstruction capabil-
ities using the CONLL-2003 data set and the
STS benchmark with reconstructed embeddings.
Tables 8 and 10 depict the results of the models
trained with the reconstructed embeddings, and



Tables 9 and 11 highlight the differences between
the results obtained by the original DEF2VEC

(trained on all the WIKITIONARY data) and the
reconstructed embeddings.

For sequence labelling tasks (POS, NER,
CHUNK), DEF2VEC’s reconstructed embeddings
exhibit slightly lower accuracy, precision, recall,
and F1 than original embeddings. However, the
differences are generally marginal, showcasing the
effectiveness of the reconstruction process.

Reconstructed embeddings exhibit varying
performance across subsets in the STS benchmark.
Some subsets show minor decreases in Spearman
correlation scores, while others display improve-
ments. Notably, the Forum subset’s performance
sees improvement in correlation scores, indicating
the effectiveness of the reconstruction process in
capturing specific nuances.

6.4 Model Discussion

DEF2VEC consistently showcases competitive
performance across sequence labelling tasks
and sentence similarity benchmarks. While its
reconstructed embeddings exhibit slight variations
in performance, the overall impact remains
limited. This highlights DEF2VEC’s robustness
and potential to effectively capture and represent
semantic information.

In conclusion, the DEF2VEC model presents a
promising approach for learning word embeddings
from dictionary definitions. Its semantic embedding
quality and reconstruction capabilities demonstrate
its utility in various linguistic tasks, making it a
suitable alternative for advancing natural language
understanding tasks in diverse applications.

7 Conclusion

In this study, we introduced DEF2VEC, a novel ap-
proach for learning word embeddings by leveraging
dictionary definitions. DEF2VEC capitalises on the
rich semantic information present in definitions to
create embeddings that capture syntactic and seman-
tic features. Through a comprehensive evaluation,
we demonstrated the efficacy of DEF2VEC across
various linguistic tasks, showcasing its ability to
compete with established embedding models.

In the sequence labelling tasks of POS, NER,
and CHUNK, DEF2VEC exhibited competitive
accuracy, precision, recall, and F1, illustrating
its effectiveness in capturing linguistic nuances.
Additionally, the model’s performance on the STS

benchmark reflected its capability to discern seman-
tic relationships among sentence pairs, highlighting
its utility in gauging semantic similarity across
different contexts.

Moreover, we explored the dynamic extensibility
of DEF2VEC, evaluating its ability to reconstruct
embeddings of out-of-vocabulary words from their
definitions. The results indicated that while the re-
constructed embeddings displayed slight variations
in performance, the overall impact remained limited,
underscoring the robustness of the approach.

Our work opens for several future developments:

• Extending DEF2VEC to incorporate sub-word
information, such as morphemes or character-
level embeddings, could enhance its ability to
capture finer linguistic nuances and improve
its performance on tasks involving rare or
out-of-vocabulary words.

• Adapting DEF2VEC to other languages can
uncover cross-lingual variations in lexical se-
mantics and offer insights into the universality
of the approach. This could lead to the creation
of embeddings that facilitate multilingual
natural language processing tasks.

• Exploring different corpora than the Wiki-
tionary could help assess the effect of the
training data and identify better data sources.

• Conducting a more extensive evaluation of
DEF2VEC on a broader array of linguistic
tasks, such as syntactic parsing and semantic
role labelling, could further validate its
robustness and versatility.

• Utilising DEF2VEC embeddings as initial-
isation for training deep contextual models
like BERT, GPT, or their successors could
enhance language understanding and gener-
ation capabilities, potentially contributing
to advancements in various natural language
processing applications.

In conclusion, DEF2VEC introduces a novel per-
spective on word embedding learning that exploits
dictionary definitions to produce embeddings with
both syntactic and semantic information, which
are also extensible. Its competitive performance
across tasks and the potential for future extensions
make it a promising candidate for enhancing the
landscape of word embeddings and advancing
natural language understanding.
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A Pre-trained embeddings

The pre-trained embeddings for English used in the
experiments are accessible in Gensim-compatible
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can be downloaded from the GitHub repository3.
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