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Abstract

Def2Vec introduces a new perspective on building words embeddings by using dic-
tionary definitions. By leveraging term-document matrices derived from dictionary
definitions and employing Latent Semantic Analysis (LSA), our method,Def2Vec,
yields embeddings characterized by robust performance and adaptability. Through
comprehensive evaluations encompassing token classification, sequence classifi-
cation and semantic similarity, we show empirically how Def2Vec consistently
demonstrates competitiveness with established models like Word2Vec, GloVe,
and FastText. Notably, our model’s utilization of all the matrices resulting
from LSA factorisation facilitates efficient prediction of embeddings for out-of-
vocabulary words, given their definition. By effectively integrating the benefits
of dictionary definitions with LSA-based embeddings, Def2Vec builds informative
semantic representations, all while minimizing data requirements. In this extension,
we further investigate the efficacy of sub-word embeddings to our model and our
experimentation to assess the quality of our embedding model. Our findings con-
tribute to the ongoing evolution of word embedding methodologies by incorporating
structured lexical information and enabling efficient embedding prediction.
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1 Introduction

Natural Language Processing (NLP) has undergone a remarkable evolution driven by the
adoption of distributed semantic representations, which allows providing neural models
with language understanding capabilities [1]. In particular, Word embeddings have
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emerged as key component in the development of these models, offering a means to trans-
late orthogonal and sparse data points into dense and compact vector representations that
capture the rich semantic of single word tokens [2, Chapter 6]. These embeddings serve as
input for a plethora of neural network-based NLP models, ranging from sentiment anal-
ysis to machine translation and chatbot assistants, empowering the learning algorithms
with the ability to comprehend and manipulate language (within some extent) [3–6].

More recent advances have witnessed the shift from traditional static word embed-
dings towards contextual embeddings, thanks to the advent of Transformer Networks
[7]. Contextual embeddings, introduced by models like BERT and GPT, iteratively
aggregate information from the static embeddings composing the input sequence into
all the elements of the context, capturing the contextualised meaning of the single
embeddings [4, 8–10]. Despite the current widespread adoption of contextual embeddings
in NLP, static model remain indispensable for their simplicity, interpretability, and
computational efficiency [11].

In this paper, we further investigate on our approach to build extensible word embed-
dings: Def2Vec [12]. Def2Vec bridges the gap between traditional static embeddings
and the rich informational context provided by dictionary definitions. The idea is to
combine the usefulness of static embeddings and the advantages of having an extensible
embedding vocabulary, obtaining the extensibility from the structured knowledge embed-
ded within dictionary definitions. Our method involves constructing term-document
matrices from these definitions, followed by factorisation using Latent Semantic Anal-
ysis (LSA) [13, 14]. The embeddings derived from this process exhibit competitive
performance across various NLP tasks with respect to state-of-the-art static embeddings.

As an extension of our previous work, this paper keeps exploring the performances
of Def2Vec embeddings. With the additional experiments, we aim at better assessing
Def2Vec’s capabilities in sequence level analysis. To this end, we selected three
additional benchmark to match the two of the previous paper.

We divide the reminder of this paper into the following sections. In Section 2, we
provide the background information on the different types of embedding models for
text. In Section 3, we detail the aspects of the Def2Vec word embedding model. In
Section 4, we describe the selected experimental approach and data sets we adopted
to fit and evaluate our model. In Section 5, we present the results of the experiments
and we comment over them. Finally, in Section 6, we summarise our work and present
ideas for possible future extensions.

2 Background

In this section, we explain the differences between the two main types of embedding
models used to encode text: token-level embeddings (Section 2.1) and sequence-level
embeddings (Section 2.2).

2.1 Token-level embeddings

In this section, we explain the differences between the two main types of token-level
embedding models: static embedding models (Section 2.1.1) and contextual embedding
models (Section 2.1.2).
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2.1.1 Static models
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<latexit sha1_base64="YnLq64NTqwZ8AVRUd42c182fBLY=">AAACJnicbVC7TsNAEDzzDOGVQEFBcyIgUUU2Eo+OSDSUIBESKbGi9WUDJ85nc7cGIivfQQsdf8BPICoQoqPlDyhxAgUBphrN7Gp2J4iVtOS6r87I6Nj4xGRuKj89Mzs3XyguHNsoMQKrIlKRqQdgUUmNVZKksB4bhDBQWAvO9vp+7QKNlZE+om6MfggnWnakAMokv0l4RellZNq9ltcqlNyyOwD/S7xvUtr9eLh/Wtp7P2gVndFmOxJJiJqEAmsbnhuTn4IhKRT28s3EYgziDE6wkVENIVo/HVzd42uJBYp4jIZLxQci/txIIbS2GwbZZAh0an97ffE/r5FQZ8dPpY4TQi36QSQVDoKsMDKrA3lbGiSC/uXIpeYCDBChkRyEyMQk62coUEuBHQNi6Kk0CHv5rDbvd0l/yfFG2dsqbx56pcoq+0KOLbMVts48ts0qbJ8dsCoT7Jxdsxt269w5j86z8/I1OuJ87yyyIThvn8uLqoM=</latexit>

word
1

<latexit sha1_base64="DVRxdpod+ScbSdmI9ichLmvVI+U=">AAACJnicbVC7TsNAEDzzDOENBQXNiYBEFdmReHRESkMJEoFIiRWtLxs4cT6buzUQWfkOWuj4A34CUYEQHS1/QImTUBBgqtHMrmZ3glhJS6775oyMjo1PTOam8tMzs3PzC4tLxzZKjMCqiFRkagFYVFJjlSQprMUGIQwUngTnlZ5/conGykgfUSdGP4RTLdtSAGWS3yC8pvQqMq1us9RcKLhFtw/+l3jfpLD3+fjwvFL5OGguOqONViSSEDUJBdbWPTcmPwVDUijs5huJxRjEOZxiPaMaQrR+2r+6yzcSCxTxGA2XivdF/LmRQmhtJwyyyRDozP72euJ/Xj2h9q6fSh0nhFr0gkgq7AdZYWRWB/KWNEgEvcuRS80FGCBCIzkIkYlJ1s9QoJYC2wbE0FNpEHbzWW3e75L+kuNS0dsubh16hfI6GyDHVtka22Qe22Flts8OWJUJdsFu2C27c+6dJ+fFeR2MjjjfO8tsCM77F81BqoQ=</latexit>

word
2

<latexit sha1_base64="qVFUD/hT4ZoW4yrUKb0CzX0F+oU="></latexit>

word
|V|

<latexit sha1_base64="YnLq64NTqwZ8AVRUd42c182fBLY=">AAACJnicbVC7TsNAEDzzDOGVQEFBcyIgUUU2Eo+OSDSUIBESKbGi9WUDJ85nc7cGIivfQQsdf8BPICoQoqPlDyhxAgUBphrN7Gp2J4iVtOS6r87I6Nj4xGRuKj89Mzs3XyguHNsoMQKrIlKRqQdgUUmNVZKksB4bhDBQWAvO9vp+7QKNlZE+om6MfggnWnakAMokv0l4RellZNq9ltcqlNyyOwD/S7xvUtr9eLh/Wtp7P2gVndFmOxJJiJqEAmsbnhuTn4IhKRT28s3EYgziDE6wkVENIVo/HVzd42uJBYp4jIZLxQci/txIIbS2GwbZZAh0an97ffE/r5FQZ8dPpY4TQi36QSQVDoKsMDKrA3lbGiSC/uXIpeYCDBChkRyEyMQk62coUEuBHQNi6Kk0CHv5rDbvd0l/yfFG2dsqbx56pcoq+0KOLbMVts48ts0qbJ8dsCoT7Jxdsxt269w5j86z8/I1OuJ87yyyIThvn8uLqoM=</latexit>

word1
<latexit sha1_base64="DVRxdpod+ScbSdmI9ichLmvVI+U=">AAACJnicbVC7TsNAEDzzDOENBQXNiYBEFdmReHRESkMJEoFIiRWtLxs4cT6buzUQWfkOWuj4A34CUYEQHS1/QImTUBBgqtHMrmZ3glhJS6775oyMjo1PTOam8tMzs3PzC4tLxzZKjMCqiFRkagFYVFJjlSQprMUGIQwUngTnlZ5/conGykgfUSdGP4RTLdtSAGWS3yC8pvQqMq1us9RcKLhFtw/+l3jfpLD3+fjwvFL5OGguOqONViSSEDUJBdbWPTcmPwVDUijs5huJxRjEOZxiPaMaQrR+2r+6yzcSCxTxGA2XivdF/LmRQmhtJwyyyRDozP72euJ/Xj2h9q6fSh0nhFr0gkgq7AdZYWRWB/KWNEgEvcuRS80FGCBCIzkIkYlJ1s9QoJYC2wbE0FNpEHbzWW3e75L+kuNS0dsubh16hfI6GyDHVtka22Qe22Flts8OWJUJdsFu2C27c+6dJ+fFeR2MjjjfO8tsCM77F81BqoQ=</latexit>

word2

<latexit sha1_base64="qVFUD/hT4ZoW4yrUKb0CzX0F+oU="></latexit>

word|V|

<latexit sha1_base64="3CbrCTYzh7aPa9hXeyy+XquMuRs=">AAACH3icbVC7TsNAEDyHd3gGSpoTAYkqspF4dESioQSJPKQkQuvLJhw5n627dSRk5R9ok46SL6FDtPwNtklBEqYazexqdsePlLTkut9OYWl5ZXVtfaO4ubW9s7tX2q/bMDYCayJUoWn6YFFJjTWSpLAZGYTAV9jwBzeZ3xiisTLUD/QSYSeAvpY9KYBSqd4edkOyj3tlt+Lm4IvEm5Ly9fs4w+TuseQstbuhiAPUJBRY2/LciDoJGJJC4ajYji1GIAbQx1ZKNQRoO0l+7oifxBYo5BEaLhXPRfy7kUBg7Uvgp5MB0JOd9zLxP68VU++qk0gdxYRaZEEkFeZBVhiZ9oC8Kw0SQXY5cqm5AANEaCQHIVIxTouZCdRSYM+AmHkq8YNRMa3Nmy9pkdTPKt5F5fzeK1eP2S/W2SE7YqfMY5esym7ZHasxwZ7ZKxuzifPmfDifztfvaMGZ7hywGTjfP0xopxI=</latexit>...

<latexit sha1_base64="dDcKHjAk5Z7K2/s8tZMVn5LL2Ew="></latexit>

sub
-w

ord
|Vs

|

<latexit sha1_base64="ESigtAfM0BhbF3pVkqVJRlLWkVs="></latexit>

sub
-w

ord
2

<latexit sha1_base64="xLJccCb7QkkzmIPir3c/txM9x+c="></latexit>

sub
-w

ord
1

<latexit sha1_base64="jUv10iL6JSqVwvIDNNVRBbCNvTI="></latexit>|V| ⇥ (|V| + |Vs|)

<latexit sha1_base64="OLzdFBjANlxrMkymrG7kwelgers=">AAACI3icbVA9TwJBEN3Db/wCLW02EhMrcmf8oCTRwlITESIQMrcMuGFv77I7Z0Iu/Atb7fw1dsbGwv/i3Ukh4Kte3pvJvHl+pKQl1/1yCkvLK6tr6xvFza3tnd1See/ehrER2BChCk3LB4tKamyQJIWtyCAEvsKmP7rM/OYTGitDfUfjCLsBDLUcSAGUSg+dAOjRHyRXk16p4lbdHHyReFNSYVPc9MrOUqcfijhATUKBtW3PjaibgCEpFE6KndhiBGIEQ2ynVEOAtpvkkSf8KLZAIY/QcKl4LuLfjQQCa8eBn05mEe28l4n/ee2YBrVuInUUE2qRHSKpMD9khZFpF8j70iARZMmRS80FGCBCIzkIkYpxWs7MQS0FDgyImacSP5gU09q8+ZIWyf1J1Tuvnt2eVuq1aYHr7IAdsmPmsQtWZ9fshjWYYJo9sxf26rw5786H8/k7WnCmO/tsBs73D5R+pFA=</latexit>

D

<latexit sha1_base64="VfMIBMVt44i8VG2V8EoQwcRLAj0=">AAACHnicbVC7TsNAEDwnPEJ4BShpTgQkqshG4tERiYYySOQhJVG0PjZwyvls3a2RkJVvoCVUtPwIHaKFv8FOUpCEqUYzO9rd8SMlLbnuj5PLLy2vrBbWiusbm1vbpZ3dhg1jI7AuQhWalg8WldRYJ0kKW5FBCHyFTX9wlfnNRzRWhvqWniLsBnCvZV8KoFSqd+5Csr1S2a24Y/BF4k1J+fJ9lOG11ttx8mlQxAFqEgqsbXtuRN0EDEmhcFjsxBYjEAO4x3ZKNQRou8n42iE/ii1QyCM0XCo+FvFvIoHA2qfATycDoAc772Xif147pv5FN5E6igm1yBaRVDheZIWRaQ3I76RBIsguRy41F2CACI3kIEQqxmkvMwu1FNg3IGaeSvxgWExr8+ZLWiSNk4p3Vjm98crVQzZBge2zA3bMPHbOquya1VidCSbZM3thI+fN+XA+na/JaM6ZZvbYDJzvX1sjppI=</latexit>. . .

(c) Terms co-occurrence matrix with sub-
word tokens information

Fig. 1: Examples of term frequency matrices to factorise

Terms co-occurrence 
matrix

Latent Semantic Analysis
(Singular Value Decomposition)

<latexit sha1_base64="tjJ7rmLNBlVZSgWhOVWA/dWk3/0=">AAACI3icbVDLTgJBEJwVH4gv0KOXicTEE9k1PjiSePGIiTwiENI7NDhhdnYz02tCNvyFV735Nd6MFw/+i7vIQcA6Vaq609XlR0pact0vZy23vrG5ld8u7Ozu7R8US4dNG8ZGYEOEKjRtHywqqbFBkhS2I4MQ+Apb/vgm81tPaKwM9T1NIuwFMNJyKAVQKj10A6BHf5g0pv1i2a24M/BV4s1Jmc1R75ecXHcQijhATUKBtR3PjaiXgCEpFE4L3dhiBGIMI+ykVEOAtpfMIk/5aWyBQh6h4VLxmYh/NxIIrJ0EfjqZRbTLXib+53ViGlZ7idRRTKhFdoikwtkhK4xMu0A+kAaJIEuOXGouwAARGslBiFSM03IWDmopcGhALDyV+MG0kNbmLZe0SprnFe+qcnl3Ua5V5wXm2TE7YWfMY9esxm5ZnTWYYJo9sxf26rw5786H8/k7uubMd47YApzvH7GlpGE=</latexit>

U
<latexit sha1_base64="iqSSQxWmDFwAs42d0v4RiqP4aVU=">AAACKnicbVC7TsNAEDwTnuGRBEqaExESVWQjXmUkGsogSIKURNH6sgkn7s7W3RoJWfkSWuj4GjpEy4dgmxSEMNVoZlc7O2GspCPf//CWSssrq2vrG+XNre2dSrW223FRYgW2RaQiexeCQyUNtkmSwrvYIuhQYTd8uMz97iNaJyNzS08xDjRMjBxLAZRJw2qlr4Huw3Hav5ETDdNhte43/AJ8kQQzUmcztIY1r9QfRSLRaEgocK4X+DENUrAkhcJpuZ84jEE8wAR7GTWg0Q3SIvmUHyYOKOIxWi4VL0T8vZGCdu5Jh9lkntP99XLxP6+X0PhikEoTJ4RG5IdIKiwOOWFlVgnykbRIBHly5NJwARaI0EoOQmRiknU0d9BIgWMLYu6pNNTTclZb8LekRdI5bgRnjdPrk3rzYlbgOttnB+yIBeycNdkVa7E2Eyxhz+yFvXpv3rv34X3+jC55s509Ngfv6xtf0qa8</latexit>

⌃
<latexit sha1_base64="k36O9tURmM7jHLrkmkJu6ZEtrJg=">AAACKnicbVC7TsNAEDwnPEJ4JEBJcyJCoopsxCMlEg1lkEhAik20PjZwyvls3a2RIitfQgsdX0MX0fIh2CYFAaYazexqZydMlLTkujOnUl1aXlmtrdXXNza3Gs3tnb6NUyOwJ2IVm9sQLCqpsUeSFN4mBiEKFd6E44vCv3lCY2Wsr2mSYBDBg5YjKYByadhs+BHQYzjK+tM7n+Jk2Gy5bbcE/0u8OWmxObrDbafq38cijVCTUGDtwHMTCjIwJIXCad1PLSYgxvCAg5xqiNAGWZl8yg9SCxTzBA2Xipci/tzIILJ2EoX5ZJHT/vYK8T9vkNKoE2RSJymhFsUhkgrLQ1YYmVeC/F4aJIIiOXKpuQADRGgkByFyMc07WjiopcCRAbHwVBZG03pem/e7pL+kf9T2TtsnV8et8868wBrbY/vskHnsjJ2zS9ZlPSZYyp7ZC3t13px3Z+Z8fI9WnPnOLluA8/kFhfOm0g==</latexit>

V>

<latexit sha1_base64="WXMUoF8Ll/Taedmnxc1+bY4mqpA=">AAACMXicbVC7TsNAEDzzJrwSkGhoTkRIVJGNeKSMREMJEnlISRStL5twyvls3a2RIic/QwsdX0OHaPkJbJOCJEw1mtnV7I4fKWnJdT+cldW19Y3Nre3Czu7e/kGxdNiwYWwE1kWoQtPywaKSGuskSWErMgiBr7Dpj24zv/mMxspQP9I4wm4AQy0HUgClUq94POkEQE8CVNKYTniHZICW93vFsltxc/Bl4s1Imc1w3ys5q51+KOIANQkF1rY9N6JuAoakUDgtdGKLEYgRDLGdUg1pTjfJH5jys9gChTxCw6XiuYh/NxIIrB0HfjqZXWsXvUz8z2vHNKh2E6mjmFCLLIikwjzICiPTZpD3pUEiyC5HLjUXYIAIjeQgRCrGaVVzgVoKHBgQc08lfjAtpLV5iyUtk8ZFxbuuXD1clmvVWYFb7ISdsnPmsRtWY3fsntWZYBP2wl7Zm/PufDifztfv6Ioz2zlic3C+fwDzQ6mN</latexit>|V| ⇥ d
<latexit sha1_base64="z5/kmlEnh9FqQp1ucdq59kE4c3w=">AAACMXicbVC7TsNAEDzzJrwSkGhoTkRIVJGNeKSMREMJEnlISRStL5twyvls3a2RIic/QwsdX0OHaPkJbJOCJEw1mtnV7I4fKWnJdT+cldW19Y3Nre3Czu7e/kGxdNiwYWwE1kWoQtPywaKSGuskSWErMgiBr7Dpj24zv/mMxspQP9I4wm4AQy0HUgClUq943OcdkgFaPukEQE8CVNKYTnrFsltxc/Bl4s1Imc1w3ys5q51+KOIANQkF1rY9N6JuAoakUDgtdGKLEYgRDLGdUg1pZjfJH5jys9gChTxCw6XiuYh/NxIIrB0HfjqZHWkXvUz8z2vHNKh2E6mjmFCLLIikwjzICiPTZpD3pUEiyC5HLjUXYIAIjeQgRCrGaVVzgVoKHBgQc08lfjAtpLV5iyUtk8ZFxbuuXD1clmvVWYFb7ISdsnPmsRtWY3fsntWZYBP2wl7Zm/PufDifztfv6Ioz2zlic3C+fwDrA6mN</latexit>

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

d ⇥ d

<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="mTtoH3E7/Zc9RJEl7/yp8TckfyE=">AAACH3icbVC7TsNAEDyHVwivBEqaExESVWQjHikj0VAGiQSkxIrWxwYO7s7mbo2ErPwDLXR8DR2i5W9wgguSMNVoZlezO1GipCPf//ZKC4tLyyvl1cra+sbmVrW23XVxagV2RKxiex2BQyUNdkiSwuvEIuhI4VX0cDb2r57QOhmbS3pOMNRwa+RQCqBc6vad1Pg4qNb9hj8BnydBQeqsQHtQ8xb6N7FINRoSCpzrBX5CYQaWpFA4qvRThwmIB7jFXk4NaHRhNjl3xPdTBxTzBC2Xik9E/LuRgXbuWUf5pAa6c7PeWPzP66U0bIaZNElKaMQ4iKTCSZATVuY9IL+RFolgfDlyabgAC0RoJQchcjHNi5kKNFLg0IKYeiqL9KiS1xbMljRPuoeN4KRxfHFUbzWLAstsl+2xAxawU9Zi56zNOkywe/bCXtmb9+59eJ/e1+9oySt2dtgUvO8fSS6imQ==</latexit>'

<latexit sha1_base64="OLzdFBjANlxrMkymrG7kwelgers=">AAACI3icbVA9TwJBEN3Db/wCLW02EhMrcmf8oCTRwlITESIQMrcMuGFv77I7Z0Iu/Atb7fw1dsbGwv/i3Ukh4Kte3pvJvHl+pKQl1/1yCkvLK6tr6xvFza3tnd1See/ehrER2BChCk3LB4tKamyQJIWtyCAEvsKmP7rM/OYTGitDfUfjCLsBDLUcSAGUSg+dAOjRHyRXk16p4lbdHHyReFNSYVPc9MrOUqcfijhATUKBtW3PjaibgCEpFE6KndhiBGIEQ2ynVEOAtpvkkSf8KLZAIY/QcKl4LuLfjQQCa8eBn05mEe28l4n/ee2YBrVuInUUE2qRHSKpMD9khZFpF8j70iARZMmRS80FGCBCIzkIkYpxWs7MQS0FDgyImacSP5gU09q8+ZIWyf1J1Tuvnt2eVuq1aYHr7IAdsmPmsQtWZ9fshjWYYJo9sxf26rw5786H8/k7WnCmO/tsBs73D5R+pFA=</latexit>

D

<latexit sha1_base64="NW33MYFSzu3VSr3QYGllX6AkRhk=">AAACPXicbVC7TsNAEDzzDOGVQElzSoREFdmIV4lEQwkSeUiJFa0vGzhxPlt3a6TISc/X0ELHd/ABdIiWFjukwISpRjO7mt0JYiUtue6bs7C4tLyyWlorr29sbm1XqjstGyVGYFNEKjKdACwqqbFJkhR2YoMQBgrbwf1F7rcf0FgZ6RsaxeiHcKvlUAqgTOpXauNeCHQnQKWtyZj3SIZoeUHsV+puw52CzxNvRupshqt+1VnsDSKRhKhJKLC267kx+SkYkkLhpNxLLMYg7uEWuxnVkGX66fSZCd9PLFDEYzRcKj4V8fdGCqG1ozDIJvMj7V8vF//zugkNz/xU6jgh1CIPIqlwGmSFkVlLyAfSIBHklyOXmgswQIRGchAiE5OstkKglgKHBkThqTQIJ+WsNu9vSfOkddjwThrH10f187NZgSW2x2rsgHnslJ2zS3bFmkywR/bEntmL8+q8Ox/O58/ogjPb2WUFOF/f7xCvHQ==</latexit>|V| ⇥ |V|
Fig. 2: Terms co-occurrence matrix decomposition via LSA

Static word embeddings, also referred to as shallow embeddings, encode word
meanings independently of context, representing words as fixed vectors. The idea
behind these embeddings is to learn a term-document or term co-occurrence matrix
factorisation (see Figures 1a and 5b). In more recent models, these matrices include
also sub-word (char) token (see Figure 1c), which provide morphological information
to the embeddings. Previous approaches to solve this factorisation problem were based
on LSA –i.e., truncated Singular Value Decomposition (SVD)– applied to one of these
matrices [13, 14] (see Figure 2); nowadays, we adopt prediction-based or count-based
solutions which are based on train a neural network to factorise those same matrices.
Once the matrix is factorised, the embedding of a given word can be fetched from the
rows (or columns) of one of the matrices resulting from the factorisation (see Figure 3).
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<latexit sha1_base64="U2dTFkN1Eje6SjUzPrPLurhIi/E=">AAACI3icbVC7TsNAEDwnPEJ4BShpTkRIVJGNeKREoqEMEgmIxELrywZOOZ+tuzUCWf4LWuj4GjpEQ8G/YAcXJDDVaGZXOztBrKQl1/10KtW5+YXF2lJ9eWV1bb2xsdmzUWIEdkWkInMVgEUlNXZJksKr2CCEgcLLYHxa+Jf3aKyM9AU9xuiHcKvlSAqgXLoehEB3wSh9yG4aTbflTsD/Eq8kTVaic7PhVAfDSCQhahIKrO17bkx+CoakUJjVB4nFGMQYbrGfUw0hWj+dRM74bmKBIh6j4VLxiYi/N1IIrX0Mg3yyiGhnvUL8z+snNGr7qdRxQqhFcYikwskhK4zMu0A+lAaJoEiOXGouwAARGslBiFxM8nKmDmopcGRATD2VBmFWz2vzZkv6S3r7Le+odXh+0DxplwXW2DbbYXvMY8fshJ2xDusywTR7Ys/sxXl13px35+NntOKUO1tsCs7XN+2qpIQ=</latexit>x
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Fig. 3: Fetching a word embedding using the word’s one-hot encoding

Within this static embeddings category, prominent methods include those
Word2Vec [15, 16],GloVe [17], andFastText [18].Word2Vec is a prediction based
method that employs techniques such as skip-gram orContinuous-Bag-of-Words (CBoW)
to build the matrix to factorise. FastText extend this model including he counts of char-
acter n-grams to the matrix. GloVe, on the other side, is a count-based technique and
uses global co-occurrence statistics of the tokens in the training corpus to learn the embed-
dings.Differently from the other twomodels,FastText can generate embeddings even for
out-of-vocabulary words composing them by averaging the character n-gram embeddings.

2.1.2 Contextual models

Contextual embeddings, on the other hand, iteratively integrate contextual information
to produce dynamic representations that are sensitive to the surrounding context.
Models such as ELMo [19], BERT [8], GPT [9] excel in this domain by leveraging Deep
Neural Networks (DNNs) for sequence processing [1]. These models build upon static
embeddings as initial representations and employ architectures like Recurrent Neural
Networks (RNNs) [20, 21] or Transformer Networks [7] to capture contextual nuances
within sequences of tokens. The DNNs are trained in a self-supervised fashion trying
to predict the missing of the next token in a given sequence.

Models like ELMo and BERT use a bi-directional encoder architecture to build the
contextual representation, using the portion of the sequences preceding and following
a given token. This approach makes these models more suitable for discriminative tasks
since the produced representations encapsulate both preceding and succeeding tokens.
Differently, GPT employs a causal architecture to build the contextual representation,
using only the portions of a sequence preceding the current token. The models adopting
this architecture are more suitable for text generation, as they allow to autoregressively
composing a token generating the sequence one piece at a time.

2.2 Sequence-level embeddings

In this section, we explain the differences between the two main types of embedding
models used to encode sequences: non-parametric embeddings (Section 2.2.1) and
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parametric embeddings (Section 2.2.2). Often, these embedding aggregation techniques
are employed to obtain a fixed size vector representation of a sequence to compare
sequence similarity. While cosine similarity is a common metric to be used with both
type of models, there are some valid alternatives that better correlate with human
judgment using non-parametric models.

2.2.1 Non-parametric

Non-parametric sequence embeddings rely on pre-trained models for word embeddings
or statistical methods to generate representations. These approaches are often simpler
and computationally less intensive compared to their parametric counterparts. These
non-parametric methods are particularly useful in scenarios where computational
resources are limited or where a quick and straightforward representation of the sequence
suffices for the task at hand.

Examples include applying average-pooling or max-pooling to token embeddings,
Smooth Inverse Frequency (SIF) weighting [22], DynaMax [23] and SFBoW [24, 25].
Some of these techniques work better when combined with other metrics rather than
cosine similarity to compute semantic similarity between sequences, for example SIF
weighting seems to work better with Jaccard similarity [23], while other approaches
show that there is not need to aggregate the individual embeddings to compute the
similarity, like in the case of Words Mover Distance (WMD) [26].

2.2.2 Parametric

Parametric sequence embeddings models are obtained through DNNs trained using
either supervised or unsupervised approaches. Supervised approaches require labelled
data for training, tailoring models to specific tasks like semantic similarity or para-
phrasing. Unsupervised approaches, on the other hand, leverage unlabeled data without
human annotations. These models often employ self-supervised learning or contrastive
learning tasks to capture semantic similarities and differences between sentences. These
parametric models offer the advantage of generating contextually rich representations
tailored to specific downstream tasks, making them particularly suitable for tasks like
sentence similarity, text classification and information retrieval. In particular, the latter
task can be eased when combining these embeddings with vector data bases for fast
search like FAISS [27, 28], Annoy [29] and HNSWLib [30].

Parametric sequence embeddings are generated by neural network architectures
trained to produce fixed-size vectors from input sequences, typically sentences. Exam-
ples of such approaches include Skip-Thought vectors [31], Sent2Vec [32], and
Sentence-BERT [33–35]. These models leverage neural network architectures to
encode the semantic information of entire sentences into compact representations. For
instance, the Skip-Thought vectors model uses an encoder-decoder architecture to
predict the next sentence embedding given the current sentence, effectively capturing
the contextual information within the sequence. Similarly, Sentence-BERT employs
a siamese network architecture to learn sentence embeddings in a supervised learning
fashion by maximising the similarity between semantically similar sentences and
minimising the similarity between dissimilar ones.
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Fig. 4: Fetching a definition from the term-definition matrix

Def2Vec introduces an innovative approach to learning word embeddings that
harnesses the structured information contained within dictionary definitions. We extract
the embeddings starting from the term-document matrices build from these definitions: a
term-definition matrix. This matrix is decomposed using LSA to extract the embeddings.

To build the term-definition matrix, each term in the vocabulary V , comprising words
or multi-word expressions, is associated with one or more definitions taken from some
linguistic resource.Def2Vec constructs a term-definition matrixD, where each row cor-
responds to the Term Frequency-Inverse Document Frequency (TF-IDF) representation
of the definitions (or definitions, in the case of polysemous words) associated with a term,
as shown in Figure 4. Given a term w∈V represented as a one-hot vector x∈1|V| and
its corresponding TF-IDF definition vector y∈R|V|, the relationship between is defined
as in Equation (1), where D is the sparse matrix connecting terms to their definitions.

y=x·D (1)

This term-definition matrix can be further extended to include sub-word information
by concatenating the TF-IDF vector of the definition with the Term Frequency (TF)
or TF-IDF vector of the characters n-gram composing the word. The resulting matrix
to decompose is similar to the one depicted in Figure 1c.

Starting from this term-definition matrix D, we obtain the Def2Vec embeddings
applying LSA to D. The matrix is factorised as reported in Equation (2), where Σ is a
diagonal matrix containing singular values, and U and V contain left and right singular
vectors, respectively. The approximate equality in reconstructing the TF-IDF definition,
see Figure 5a, is determined by the internal dimensionality of the LSAprojections d<< |V|.
d is the dimensionality of the learnt embeddings, which are encoded into the U matrix
coming from the decomposition, the i-th row ui embeds the i-th termwi in the vocabulary

D≃U·Σ·V⊤ (2)
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<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="z5/kmlEnh9FqQp1ucdq59kE4c3w=">AAACMXicbVC7TsNAEDzzJrwSkGhoTkRIVJGNeKSMREMJEnlISRStL5twyvls3a2RIic/QwsdX0OHaPkJbJOCJEw1mtnV7I4fKWnJdT+cldW19Y3Nre3Czu7e/kGxdNiwYWwE1kWoQtPywaKSGuskSWErMgiBr7Dpj24zv/mMxspQP9I4wm4AQy0HUgClUq943OcdkgFaPukEQE8CVNKYTnrFsltxc/Bl4s1Imc1w3ys5q51+KOIANQkF1rY9N6JuAoakUDgtdGKLEYgRDLGdUg1pZjfJH5jys9gChTxCw6XiuYh/NxIIrB0HfjqZHWkXvUz8z2vHNKh2E6mjmFCLLIikwjzICiPTZpD3pUEiyC5HLjUXYIAIjeQgRCrGaVVzgVoKHBgQc08lfjAtpLV5iyUtk8ZFxbuuXD1clmvVWYFb7ISdsnPmsRtWY3fsntWZYBP2wl7Zm/PufDifztfv6Ioz2zlic3C+fwDrA6mN</latexit>

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

d ⇥ d

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

Word Defintion 
TF-IDF vector

<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="mTtoH3E7/Zc9RJEl7/yp8TckfyE=">AAACH3icbVC7TsNAEDyHVwivBEqaExESVWQjHikj0VAGiQSkxIrWxwYO7s7mbo2ErPwDLXR8DR2i5W9wgguSMNVoZlezO1GipCPf//ZKC4tLyyvl1cra+sbmVrW23XVxagV2RKxiex2BQyUNdkiSwuvEIuhI4VX0cDb2r57QOhmbS3pOMNRwa+RQCqBc6vad1Pg4qNb9hj8BnydBQeqsQHtQ8xb6N7FINRoSCpzrBX5CYQaWpFA4qvRThwmIB7jFXk4NaHRhNjl3xPdTBxTzBC2Xik9E/LuRgXbuWUf5pAa6c7PeWPzP66U0bIaZNElKaMQ4iKTCSZATVuY9IL+RFolgfDlyabgAC0RoJQchcjHNi5kKNFLg0IKYeiqL9KiS1xbMljRPuoeN4KRxfHFUbzWLAstsl+2xAxawU9Zi56zNOkywe/bCXtmb9+59eJ/e1+9oySt2dtgUvO8fSS6imQ==</latexit>'

(a) Approximate equality induced by the term-definition matrix decomposition

Embedding 
Fetching

Word
Embedding

Embedding
Prediction

<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
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⌃�1

(b) Predicting and word embedding from the word definition

Fig. 5: Def2Vec working mechanism

The core feature of theDef2Vec embeddings lies in the extensibility of the embedding
vocabulary. The emebddings of the words defined at training time are extracted by theU
matrix. However, by exploiting the right singular vectors in V and the singular values in
Σ, the embeddings of out-of-vocabulary words can be predicted with some approximation
from the TF-IDF representation of the new term’s definition. This process, depicted in
Figure 5b, makes the Def2Vec embeddings extensible by enabling the addition of new
terms without retraining the entire model and requiring only the definition of such term.

In summary, Def2Vec offers an alternative methodology to learn static embeddings.
The method combines the interpretability of linear models and with the property of
extensibility, which other embedding models are lacking.

4 Experiments

In this section, we detail the experiments we conducted to assess the quality of the
Def2Vec model. We describe the selected data set to fit the Def2Vec model and the
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Table 1: Comparison of vocabulary size and data set size of the
considered word embedding models.

Model Vocabulary size ×106 No. training tokens ×109

Def2Vec 0.76 0.05
Word2Vec 3 100
GloVe 2 840
FastText 2 600

Table 2: Statistics on considered data sets

Data set Split
No. of
samples

Avg. No.
of tokens
(per seq.)

Vocab.
size

Faction of
samples

w/ infreq.
terms

Faction
of infreq.
terms in

vocabulary

CoNLL-
2003

Train 14,041 14.5 21,009 0.59 0.59
Val. 3250 15.8 9002 0.59 0.48
Test 3453 13.4 8548 0.57 0.50

SST
Train 8117 19.6 16,310 0.69 0.43
Val. 2125 19.2 7715 0.68 0.33
Test 1044 19.4 4856 0.70 0.29

20NG
Train 8485 423.5 153,377 0.99 0.87
Val. 2829 423.1 69,653 0.99 0.78
Test 7532 379.9 120,763 0.99 0.84

WELFake
Train 40,575 633.2 291,389 0.99 0.91
Val. 13,525 626.0 147,835 0.99 0.85
Test 18,034 634.4 178,648 0.99 0.87

STS
Train 5749 11.1 12,467 0.53 0.41
Val. 1500 12.9 6567 0.48 0.26
Test 1379 11.1 4882 0.37 0.26

data sets to run the evaluation (Section 4.1) and we explain the approach we followed
to run the comparisons and ablations on the selected benchmarks (Section 4.2).

4.1 Data

We trained the Def2Vec models for our experiments using the definitions from the
English Wiktionary1. We re-used the same dump as the previous experiments (the
dump was updated to September 2020). As highlighted by Table 1, when compared
to the training data sets of other embedding models, this dataset reveals a significantly
lower data requirement; this, however, results in a smaller vocabulary size. Inside
the Wiktionary vocabulary, only ∼ 30000 tokens occurr in at least 10 documents,
making the rest of the vocabulary infrquent and posing challenges in learning effective
embeddings for those words.

In our experiments, we employed different data sets to analysis different character-
istics of the Def2Vec embeddings. We selected the CoNLL-2003 data set [36], which

1Website: https://en.wiktionary.org/wiki/Wiktionary:Main Page.
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offers labels for Part-of-Speech (POS) tagging, chunking (CHUNK), and Named Entity
Recognition (NER) tasks, aimed at analysing token-level representation capabilities.
For sequence-level evaluations, we used the Stanford Sentiment Treebank (SST) [37] for
sentiment analysis, the 20 News Groups (20NG) [38] data set for news classification, the
WELFake data set [39] for fake.news detection and the Semantic Textual Similarity
(STS) data set [40] for measuring sentence similarity. These data sets provide a diverse
set of linguistic tasks for evaluating the performance of the Def2Vec model, we provide
the main statistics on these data sets in Table 2.

4.2 Approach

We defined two sets of experiments to assess the quality of the Def2vec embeddings.
One group of experiments analyse the extensibility capabilities of the Def2vec model.
Another group of experiments to compare Def2vec with other state-of-the-art mod-
els. We trained all models using the same configurations depending on the task and
independently of the input embeddings.

During the ablations, we re-trained the Def2Vec model using only frequent words
(those appearing at least 10 times in theWiktionary definitions) and, then, we extended
the embedding vocabulary by predicting the embeddings of missing words using the exten-
sion scheme of Def2vec. We then compared two variants (full vocabualary vs extended
from reduced vocabulary) to train neural networks on a subset of the selected benchmarks
(namely CoNLL-2003 and STS). These ablations should assess the extensibility capabil-
ities of Def2vec by showing how results vary with an embedding model extracted from
the whole dictionary data set and those extracted from a reduced dictionary data sets and
then augmented with generated embeddings from definitions for out-of-vocabulary words.
Statistics on infrequent words inside the benchmark data sets are available in Table 2.

In the other group of experiments, we compare Def2vec with other existing
models. We considered Word2vec, GloVE and FastText for our comparisons. We
planned these experiments to understand if Def2vec can be a valid alternative to other
embedding models.

In all the experiments, we resorted to a convolutional architecture. We avoided
extensive architecture and hyper-parameter search since we were only interested in
comparing the results between different configurations of Def2Vec or other embedding
models in the same conditions. The architectures are depicted task-wise in Figure 6.
All models doing sequence classification (SST, 20NG and WELFake) or embedding
(STS), which required to aggregate information from the entire sequence, adopted a
special self-attention pooling layer where the average of the embeddings in input is used
as query in the self attention, producing a single output vector.

We trained the models for 64 epochs (16 forWELFake), with a learning rate of 10−3

(10−4 for WELFake) and a batch size of 512, and an early stopping patience of 5. For
all token and sequence classification tasks (CoNLL-2003, SST, 20NG, WELFake) we
use the negative log-likelihood loss, while with the regression task (STS) we computed
the mean squared error loss.
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1D convolutional layer

Linear projection
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<latexit sha1_base64="riY3POnDOJH6LFyEBoZj17W3bQ4=">AAACJXicbVDLTgJBEJwFH4gv0KOXicTEE9k1PjiSePGIiTwSIKR3aGDC7OxmpteEbPgNr3rza7wZE0/+irvIQdA6Vaq609XlR0pact1PJ5ff2NzaLuwUd/f2Dw5L5aOWDWMjsClCFZqODxaV1NgkSQo7kUEIfIVtf3qb+e1HNFaG+oFmEfYDGGs5kgIolXq9AGjij5LJfCAHpYpbdRfgf4m3JBW2RGNQdvK9YSjiADUJBdZ2PTeifgKGpFA4L/ZiixGIKYyxm1INAdp+sgg952exBQp5hIZLxRci/t5IILB2FvjpZBbSrnuZ+J/XjWlU6ydSRzGhFtkhkgoXh6wwMm0D+VAaJIIsOXKpuQADRGgkByFSMU7rWTmopcCRAbHyVOIH82Jam7de0l/Suqh619Wr+8tKvbYssMBO2Ck7Zx67YXV2xxqsyQSL2BN7Zi/Oq/PmvDsfP6M5Z7lzzFbgfH0De5WlUA==</latexit>

hi
<latexit sha1_base64="pjcdHtSntpqfK2706efXCiCsLyk=">AAACH3icbVDLTgJBEJwFH4gv0KOXicTEE9k1PjiSePGIiTwSIKR3aHBkdnYz02tCNvyDV735Nd6MV/7GXeQgYp0qVd2p7vIjJS257tzJ5Tc2t7YLO8Xdvf2Dw1L5qGXD2AhsilCFpuODRSU1NkmSwk5kEAJfYduf3GZ++xmNlaF+oGmE/QDGWo6kAEqlVk8NQ7KDUsWtugvwdeItSYUt0RiUnXxvGIo4QE1CgbVdz42on4AhKRTOir3YYgRiAmPsplRDgLafLM6d8bPYAoU8QsOl4gsRf28kEFg7Dfx0MgB6tH+9TPzP68Y0qvUTqaOYUIssiKTCRZAVRqY9IB9Kg0SQXY5cai7AABEayUGIVIzTYlYCtRQ4MiBWnkr8YFZMa/P+lrROWhdV77p6dX9ZqdeWBRbYCTtl58xjN6zO7liDNZlgT+yFvbI35935cD6dr5/RnLPcOWYrcObfVRCioA==</latexit>. . . <latexit sha1_base64="pjcdHtSntpqfK2706efXCiCsLyk=">AAACH3icbVDLTgJBEJwFH4gv0KOXicTEE9k1PjiSePGIiTwSIKR3aHBkdnYz02tCNvyDV735Nd6MV/7GXeQgYp0qVd2p7vIjJS257tzJ5Tc2t7YLO8Xdvf2Dw1L5qGXD2AhsilCFpuODRSU1NkmSwk5kEAJfYduf3GZ++xmNlaF+oGmE/QDGWo6kAEqlVk8NQ7KDUsWtugvwdeItSYUt0RiUnXxvGIo4QE1CgbVdz42on4AhKRTOir3YYgRiAmPsplRDgLafLM6d8bPYAoU8QsOl4gsRf28kEFg7Dfx0MgB6tH+9TPzP68Y0qvUTqaOYUIssiKTCRZAVRqY9IB9Kg0SQXY5cai7AABEayUGIVIzTYlYCtRQ4MiBWnkr8YFZMa/P+lrROWhdV77p6dX9ZqdeWBRbYCTtl58xjN6zO7liDNZlgT+yFvbI35935cD6dr5/RnLPcOWYrcObfVRCioA==</latexit>. . .

Dropout

Dropout

(a) Token classification

Summary hidden representation

<latexit sha1_base64="hpKrvjWxJ2TakHVq6RJM+ALHEp8=">AAACI3icbVC7TsNAELwL7/AKUNKciJCoIhvxSIlEQwkSAUQSRetjnZxyPlt3a6TI8l/QQsfX0CEaCv4FO6QghKlGM7va2QkSrRx53ievzM0vLC4tr1RX19Y3Nmtb2zcuTq3Elox1bO8CcKiVwRYp0niXWIQo0HgbDM9L//YRrVOxuaZRgt0I+kaFSgIV0n0nAhoEYTbIe7W61/DGELPEn5A6m+Cyt8XnOg+xTCM0JDU41/a9hLoZWFJSY17tpA4TkEPoY7ugBiJ03WwcORf7qQOKRYJWKC3GIv7eyCBybhQFxWQZ0f31SvE/r51S2OxmyiQpoZHlIVIax4ectKroAsWDskgEZXIUyggJFojQKgFSFmJalDN10CiJoQU59VQWRHm1qM3/W9IsuTls+CeN46uj+llzUuAy22V77ID57JSdsQt2yVpMMsOe2DN74a/8jb/zj5/RCp/s7LAp8K9v0jqkdA==</latexit>

h

1D convolutional layer

Layer norm

Linear projection

<latexit sha1_base64="ICdQW03U5a0Lp/cE9dMG0srlxHA=">AAACMnicbVC7TsNAEDyHVwivAAUFzYkICZrIRrxKJBrKIBFASqJofdmEU+7O1t0agSx/DS10/Ax0iJaPwA4pSGCq0cyuZnfCWElHvv/mlWZm5+YXyouVpeWV1bXq+sa1ixIrsCkiFdnbEBwqabBJkhTexhZBhwpvwuF54d/co3UyMlf0GGNHw8DIvhRAudStbrU10J3VqYv6pOEh22uLXkT73WrNr/sj8L8kGJMaG6PRXfdm2r1IJBoNCQXOtQI/pk4KlqRQmFXaicMYxBAG2MqpAY2uk44+yPhu4oAiHqPlUvGRiL83UtDOPeownyzuddNeIf7ntRLqn3ZSaeKE0IgiiKTCUZATVubVIO9Ji0RQXI5cGi7AAhFayUGIXEzyriYCjRTYtyAmnkpDnVXy2oLpkv6S64N6cFw/ujysnZ2OCyyzbbbD9ljATtgZu2AN1mSCZeyJPbMX79V79z68z5/Rkjfe2WQT8L6+ASgXqi8=</latexit>

softmax(·)

<latexit sha1_base64="LFGD565SLSNjzAfZpHdy6UBHV4c=">AAACL3icbVDLSgNBEJyN7/iKj5uXwSDoJeyKjxwFET14UDBGSELonXTikJnZZaZX0CX/4lVvfo14Ea/+hbsxB6PWqajqpqsrjJV05PtvXmFicmp6ZnauOL+wuLRcWlm9dlFiBdZEpCJ7E4JDJQ3WSJLCm9gi6FBhPewf5379Dq2Tkbmi+xhbGnpGdqUAyqR2ab2pgW6tTk9PzmuD7aboRLTTLpX9ij8E/0uCESmzES7aK95EsxOJRKMhocC5RuDH1ErBkhQKB8Vm4jAG0YceNjJqQKNrpcP4A76VOKCIx2i5VHwo4s+NFLRz9zrMJvOw7reXi/95jYS61VYqTZwQGpEfIqlweMgJK7NekHekRSLIkyOXhguwQIRWchAiE5OsqLGDRgrsWhBjT6WhHhSz2oLfJf0l17uV4KCyf7lXPqqOCpxlG2yTbbOAHbIjdsYuWI0J9sAe2RN79l68V+/d+/geLXijnTU2Bu/zC3UtqDw=</latexit>

GELU(·)

Input embeddings

<latexit sha1_base64="pE9yCXvDydv+UNN66ZqR9HWkRcA=">AAACJXicbVDLTgJBEJwVH4gv0KOXicTEE9k1PjiSePGIiTwSIKR3aHDC7OxmptdINvyGV735Nd6MiSd/xV3kIGCdKlXd6eryIyUtue6Xs5Zb39jcym8Xdnb39g+KpcOmDWMjsCFCFZq2DxaV1NggSQrbkUEIfIUtf3yT+a1HNFaG+p4mEfYCGGk5lAIolbrdAOjBHyZP077sF8tuxZ2BrxJvTspsjnq/5OS6g1DEAWoSCqzteG5EvQQMSaFwWujGFiMQYxhhJ6UaArS9ZBZ6yk9jCxTyCA2Xis9E/LuRQGDtJPDTySykXfYy8T+vE9Ow2kukjmJCLbJDJBXODllhZNoG8oE0SARZcuRScwEGiNBIDkKkYpzWs3BQS4FDA2LhqcQPpoW0Nm+5pFXSPK94V5XLu4tyrTovMM+O2Qk7Yx67ZjV2y+qswQSL2DN7Ya/Om/PufDifv6NrznzniC3A+f4BlyWlYA==</latexit>xi
<latexit sha1_base64="252Rak/MJ4ldZ3/NO1jA81B8aAw=">AAACK3icbVC7TsNAEDwTHiG8EihpTkRINEQ24lVGoqEMEnlISRStj0045Xy27tYIZPlPaKHja6hAtPwHdkhBEqYazexqZ8ePlLTkuh/OUmF5ZXWtuF7a2Nza3ilXdls2jI3ApghVaDo+WFRSY5MkKexEBiHwFbb98VXutx/QWBnqW3qKsB/ASMuhFECZNCiXewHQvT9MHtNBIo+9dFCuujV3Ar5IvCmpsikag4pT6N2FIg5Qk1BgbddzI+onYEgKhWmpF1uMQIxhhN2MagjQ9pNJ9JQfxhYo5BEaLhWfiPh3I4HA2qfAzybzoHbey8X/vG5Mw8t+InUUE2qRHyKpcHLICiOzTpDfSYNEkCdHLjUXYIAIjeQgRCbGWUkzB7UUODQgZp5K/CAtZbV58yUtktZJzTuvnd2cVuuX0wKLbJ8dsCPmsQtWZ9eswZpMsAf2zF7Yq/PmvDufztfv6JIz3dljM3C+fwAJSacP</latexit>xi�1

<latexit sha1_base64="pjcdHtSntpqfK2706efXCiCsLyk=">AAACH3icbVDLTgJBEJwFH4gv0KOXicTEE9k1PjiSePGIiTwSIKR3aHBkdnYz02tCNvyDV735Nd6MV/7GXeQgYp0qVd2p7vIjJS257tzJ5Tc2t7YLO8Xdvf2Dw1L5qGXD2AhsilCFpuODRSU1NkmSwk5kEAJfYduf3GZ++xmNlaF+oGmE/QDGWo6kAEqlVk8NQ7KDUsWtugvwdeItSYUt0RiUnXxvGIo4QE1CgbVdz42on4AhKRTOir3YYgRiAmPsplRDgLafLM6d8bPYAoU8QsOl4gsRf28kEFg7Dfx0MgB6tH+9TPzP68Y0qvUTqaOYUIssiKTCRZAVRqY9IB9Kg0SQXY5cai7AABEayUGIVIzTYlYCtRQ4MiBWnkr8YFZMa/P+lrROWhdV77p6dX9ZqdeWBRbYCTtl58xjN6zO7liDNZlgT+yFvbI35935cD6dr5/RnLPcOWYrcObfVRCioA==</latexit>. . . <latexit sha1_base64="tHrDzJ7EYmRAgs4hcnYS1ux2Kqw=">AAACK3icbVDLSgNBEJw1PmJ8JXr0MhgEQQi74usY8OIxgnlAEkLv2IlDZmeXmV5Rlv0Tr3rzazwpXv0Pd2MOJrFORVU3XV1+pKQl1/1wlgrLK6trxfXSxubW9k65stuyYWwENkWoQtPxwaKSGpskSWEnMgiBr7Dtj69yv/2AxspQ39JThP0ARloOpQDKpEG53AuA7v1h8pgOEnnspYNy1a25E/BF4k1JlU3RGFScQu8uFHGAmoQCa7ueG1E/AUNSKExLvdhiBGIMI+xmVEOAtp9Moqf8MLZAIY/QcKn4RMS/GwkE1j4FfjaZB7XzXi7+53VjGl72E6mjmFCL/BBJhZNDVhiZdYL8Thokgjw5cqm5AANEaCQHITIxzkqaOailwKEBMfNU4gdpKavNmy9pkbROat557ezmtFq/nBZYZPvsgB0xj12wOrtmDdZkgj2wZ/bCXp035935dL5+R5ec6c4em4Hz/QMF2acN</latexit>xi+1 <latexit sha1_base64="pjcdHtSntpqfK2706efXCiCsLyk=">AAACH3icbVDLTgJBEJwFH4gv0KOXicTEE9k1PjiSePGIiTwSIKR3aHBkdnYz02tCNvyDV735Nd6MV/7GXeQgYp0qVd2p7vIjJS257tzJ5Tc2t7YLO8Xdvf2Dw1L5qGXD2AhsilCFpuODRSU1NkmSwk5kEAJfYduf3GZ++xmNlaF+oGmE/QDGWo6kAEqlVk8NQ7KDUsWtugvwdeItSYUt0RiUnXxvGIo4QE1CgbVdz42on4AhKRTOir3YYgRiAmPsplRDgLafLM6d8bPYAoU8QsOl4gsRf28kEFg7Dfx0MgB6tH+9TPzP68Y0qvUTqaOYUIssiKTCRZAVRqY9IB9Kg0SQXY5cai7AABEayUGIVIzTYlYCtRQ4MiBWnkr8YFZMa/P+lrROWhdV77p6dX9ZqdeWBRbYCTtl58xjN6zO7liDNZlgT+yFvbI35935cD6dr5/RnLPcOWYrcObfVRCioA==</latexit>. . .

Dropout

Dropout

Self-attention pooling

Layer norm

(b) Sequence classification

Input embeddings

<latexit sha1_base64="pE9yCXvDydv+UNN66ZqR9HWkRcA=">AAACJXicbVDLTgJBEJwVH4gv0KOXicTEE9k1PjiSePGIiTwSIKR3aHDC7OxmptdINvyGV735Nd6MiSd/xV3kIGCdKlXd6eryIyUtue6Xs5Zb39jcym8Xdnb39g+KpcOmDWMjsCFCFZq2DxaV1NggSQrbkUEIfIUtf3yT+a1HNFaG+p4mEfYCGGk5lAIolbrdAOjBHyZP077sF8tuxZ2BrxJvTspsjnq/5OS6g1DEAWoSCqzteG5EvQQMSaFwWujGFiMQYxhhJ6UaArS9ZBZ6yk9jCxTyCA2Xis9E/LuRQGDtJPDTySykXfYy8T+vE9Ow2kukjmJCLbJDJBXODllhZNoG8oE0SARZcuRScwEGiNBIDkKkYpzWs3BQS4FDA2LhqcQPpoW0Nm+5pFXSPK94V5XLu4tyrTovMM+O2Qk7Yx67ZjV2y+qswQSL2DN7Ya/Om/PufDifv6NrznzniC3A+f4BlyWlYA==</latexit>xi
<latexit sha1_base64="252Rak/MJ4ldZ3/NO1jA81B8aAw=">AAACK3icbVC7TsNAEDwTHiG8EihpTkRINEQ24lVGoqEMEnlISRStj0045Xy27tYIZPlPaKHja6hAtPwHdkhBEqYazexqZ8ePlLTkuh/OUmF5ZXWtuF7a2Nza3ilXdls2jI3ApghVaDo+WFRSY5MkKexEBiHwFbb98VXutx/QWBnqW3qKsB/ASMuhFECZNCiXewHQvT9MHtNBIo+9dFCuujV3Ar5IvCmpsikag4pT6N2FIg5Qk1BgbddzI+onYEgKhWmpF1uMQIxhhN2MagjQ9pNJ9JQfxhYo5BEaLhWfiPh3I4HA2qfAzybzoHbey8X/vG5Mw8t+InUUE2qRHyKpcHLICiOzTpDfSYNEkCdHLjUXYIAIjeQgRCbGWUkzB7UUODQgZp5K/CAtZbV58yUtktZJzTuvnd2cVuuX0wKLbJ8dsCPmsQtWZ9eswZpMsAf2zF7Yq/PmvDufztfv6JIz3dljM3C+fwAJSacP</latexit>xi�1

<latexit sha1_base64="pjcdHtSntpqfK2706efXCiCsLyk=">AAACH3icbVDLTgJBEJwFH4gv0KOXicTEE9k1PjiSePGIiTwSIKR3aHBkdnYz02tCNvyDV735Nd6MV/7GXeQgYp0qVd2p7vIjJS257tzJ5Tc2t7YLO8Xdvf2Dw1L5qGXD2AhsilCFpuODRSU1NkmSwk5kEAJfYduf3GZ++xmNlaF+oGmE/QDGWo6kAEqlVk8NQ7KDUsWtugvwdeItSYUt0RiUnXxvGIo4QE1CgbVdz42on4AhKRTOir3YYgRiAmPsplRDgLafLM6d8bPYAoU8QsOl4gsRf28kEFg7Dfx0MgB6tH+9TPzP68Y0qvUTqaOYUIssiKTCRZAVRqY9IB9Kg0SQXY5cai7AABEayUGIVIzTYlYCtRQ4MiBWnkr8YFZMa/P+lrROWhdV77p6dX9ZqdeWBRbYCTtl58xjN6zO7liDNZlgT+yFvbI35935cD6dr5/RnLPcOWYrcObfVRCioA==</latexit>. . . <latexit sha1_base64="tHrDzJ7EYmRAgs4hcnYS1ux2Kqw=">AAACK3icbVDLSgNBEJw1PmJ8JXr0MhgEQQi74usY8OIxgnlAEkLv2IlDZmeXmV5Rlv0Tr3rzazwpXv0Pd2MOJrFORVU3XV1+pKQl1/1wlgrLK6trxfXSxubW9k65stuyYWwENkWoQtPxwaKSGpskSWEnMgiBr7Dtj69yv/2AxspQ39JThP0ARloOpQDKpEG53AuA7v1h8pgOEnnspYNy1a25E/BF4k1JlU3RGFScQu8uFHGAmoQCa7ueG1E/AUNSKExLvdhiBGIMI+xmVEOAtp9Moqf8MLZAIY/QcKn4RMS/GwkE1j4FfjaZB7XzXi7+53VjGl72E6mjmFCL/BBJhZNDVhiZdYL8Thokgjw5cqm5AANEaCQHITIxzkqaOailwKEBMfNU4gdpKavNmy9pkbROat557ezmtFq/nBZYZPvsgB0xj12wOrtmDdZkgj2wZ/bCXp035935dL5+R5ec6c4em4Hz/QMF2acN</latexit>xi+1 <latexit sha1_base64="pjcdHtSntpqfK2706efXCiCsLyk=">AAACH3icbVDLTgJBEJwFH4gv0KOXicTEE9k1PjiSePGIiTwSIKR3aHBkdnYz02tCNvyDV735Nd6MV/7GXeQgYp0qVd2p7vIjJS257tzJ5Tc2t7YLO8Xdvf2Dw1L5qGXD2AhsilCFpuODRSU1NkmSwk5kEAJfYduf3GZ++xmNlaF+oGmE/QDGWo6kAEqlVk8NQ7KDUsWtugvwdeItSYUt0RiUnXxvGIo4QE1CgbVdz42on4AhKRTOir3YYgRiAmPsplRDgLafLM6d8bPYAoU8QsOl4gsRf28kEFg7Dfx0MgB6tH+9TPzP68Y0qvUTqaOYUIssiKTCRZAVRqY9IB9Kg0SQXY5cai7AABEayUGIVIzTYlYCtRQ4MiBWnkr8YFZMa/P+lrROWhdV77p6dX9ZqdeWBRbYCTtl58xjN6zO7liDNZlgT+yFvbI35935cD6dr5/RnLPcOWYrcObfVRCioA==</latexit>. . .

Summary hidden representation

<latexit sha1_base64="hpKrvjWxJ2TakHVq6RJM+ALHEp8=">AAACI3icbVC7TsNAELwL7/AKUNKciJCoIhvxSIlEQwkSAUQSRetjnZxyPlt3a6TI8l/QQsfX0CEaCv4FO6QghKlGM7va2QkSrRx53ievzM0vLC4tr1RX19Y3Nmtb2zcuTq3Elox1bO8CcKiVwRYp0niXWIQo0HgbDM9L//YRrVOxuaZRgt0I+kaFSgIV0n0nAhoEYTbIe7W61/DGELPEn5A6m+Cyt8XnOg+xTCM0JDU41/a9hLoZWFJSY17tpA4TkEPoY7ugBiJ03WwcORf7qQOKRYJWKC3GIv7eyCBybhQFxWQZ0f31SvE/r51S2OxmyiQpoZHlIVIax4ectKroAsWDskgEZXIUyggJFojQKgFSFmJalDN10CiJoQU59VQWRHm1qM3/W9IsuTls+CeN46uj+llzUuAy22V77ID57JSdsQt2yVpMMsOe2DN74a/8jb/zj5/RCp/s7LAp8K9v0jqkdA==</latexit>

h

Input embeddings

<latexit sha1_base64="pjcdHtSntpqfK2706efXCiCsLyk=">AAACH3icbVDLTgJBEJwFH4gv0KOXicTEE9k1PjiSePGIiTwSIKR3aHBkdnYz02tCNvyDV735Nd6MV/7GXeQgYp0qVd2p7vIjJS257tzJ5Tc2t7YLO8Xdvf2Dw1L5qGXD2AhsilCFpuODRSU1NkmSwk5kEAJfYduf3GZ++xmNlaF+oGmE/QDGWo6kAEqlVk8NQ7KDUsWtugvwdeItSYUt0RiUnXxvGIo4QE1CgbVdz42on4AhKRTOir3YYgRiAmPsplRDgLafLM6d8bPYAoU8QsOl4gsRf28kEFg7Dfx0MgB6tH+9TPzP68Y0qvUTqaOYUIssiKTCRZAVRqY9IB9Kg0SQXY5cai7AABEayUGIVIzTYlYCtRQ4MiBWnkr8YFZMa/P+lrROWhdV77p6dX9ZqdeWBRbYCTtl58xjN6zO7liDNZlgT+yFvbI35935cD6dr5/RnLPcOWYrcObfVRCioA==</latexit>. . . <latexit sha1_base64="pjcdHtSntpqfK2706efXCiCsLyk=">AAACH3icbVDLTgJBEJwFH4gv0KOXicTEE9k1PjiSePGIiTwSIKR3aHBkdnYz02tCNvyDV735Nd6MV/7GXeQgYp0qVd2p7vIjJS257tzJ5Tc2t7YLO8Xdvf2Dw1L5qGXD2AhsilCFpuODRSU1NkmSwk5kEAJfYduf3GZ++xmNlaF+oGmE/QDGWo6kAEqlVk8NQ7KDUsWtugvwdeItSYUt0RiUnXxvGIo4QE1CgbVdz42on4AhKRTOir3YYgRiAmPsplRDgLafLM6d8bPYAoU8QsOl4gsRf28kEFg7Dfx0MgB6tH+9TPzP68Y0qvUTqaOYUIssiKTCRZAVRqY9IB9Kg0SQXY5cai7AABEayUGIVIzTYlYCtRQ4MiBWnkr8YFZMa/P+lrROWhdV77p6dX9ZqdeWBRbYCTtl58xjN6zO7liDNZlgT+yFvbI35935cD6dr5/RnLPcOWYrcObfVRCioA==</latexit>. . .
<latexit sha1_base64="TPWQ8skJ3he7ZRNZsSRx5kIzEgc=">AAACJnicbVC7TsNAEDwTnuGVQElzIkJQRTbikTISDSVIBCIlVrS+bMIp57O5WyMiK99BCx1fQ4cQHZ+CHVKQhKlGM7va2QliJS257pezUFhcWl5ZXSuub2xubZfKO7c2SozAhohUZJoBWFRSY4MkKWzGBiEMFN4Fg4vcv3tEY2Wkb2gYox9CX8ueFECZ5LdDoPuglz6NDjuyU6q4VXcMPk+8CamwCa46ZafQ7kYiCVGTUGBty3Nj8lMwJIXCUbGdWIxBDKCPrYxqCNH66Tj1iB8kFijiMRouFR+L+HcjhdDaYRhkk3lKO+vl4n9eK6FezU+ljhNCLfJDJBWOD1lhZFYH8q40SAR5cuRScwEGiNBIDkJkYpL1M3VQS4E9A2LqqTQIR8WsNm+2pHlye1z1zqqn1yeVem1S4CrbY/vsiHnsnNXZJbtiDSbYA3tmL+zVeXPenQ/n83d0wZns7LIpON8/A6alkQ==</latexit>

x0
i

<latexit sha1_base64="RBFyM3AZEAE8zLUjqJpTppTCJFE=">AAACLHicbVBNS8NAEN1YP2r9avXoZbGIglAS8esoePFYwVahLWWyndbFzSbsTtQS8lO86s1f40XEq7/DJPZg1Xd6vDfDvHl+pKQl131zZkqzc/ML5cXK0vLK6lq1tt62YWwEtkSoQnPtg0UlNbZIksLryCAEvsIr//Ys96/u0FgZ6ksaR9gLYKTlUAqgTOpXa90A6MYfJg/pTj+Re17ar9bdhluA/yXehNTZBM1+zSl1B6GIA9QkFFjb8dyIegkYkkJhWunGFiMQtzDCTkY1BGh7SZE95duxBQp5hIZLxQsRf24kEFg7DvxsMk9qf3u5+J/XiWl40kukjmJCLfJDJBUWh6wwMisF+UAaJII8OXKpuQADRGgkByEyMc5amjqopcChATH1VOIHaSWrzftd0l/S3m94R43Di4P66cmkwDLbZFtsl3nsmJ2yc9ZkLSbYPXtkT+zZeXFenXfn43t0xpnsbLApOJ9fcw6nPg==</latexit>
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(c) Siamese similarity

Fig. 6: Neural Network architectures used in the experiments
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5 Results

In this section, we present and comment on the results of our experiments. We divide
the section between the results on Def2Vec embeddings exensibility (Section 5.1) and
the comparison of Def2Vec results against other embedding models (Section 5.2).

5.1 Extensibility

Tables 3 to 6 highlights the extensibility capabilities of the Def2Vec model. In these
tables we compared on a subset of the benchmarks the results of the base Def2Vec
model trained on all the available definitions (∼ 700000), and that of the Def2Vec

Table 3: Ablation of Def2Vec classification results on the POS task fromCoNLL-2003

Hyper-parameter
Split

Metric [%]

Reduced
vocabulary

Extended
vocabulary

Accuracy Precision Recall F1 AUC

Validation 73.64 85.68 73.64 77.62 95.84
Test 72.42 85.41 72.42 76.55 94.63

✓ ✓
Validation 74.35 86.53 74.35 78.40 96.11

Test 73.38 86.35 73.38 77.54 94.99

Table 4: Ablation of Def2Vec classification results on the NER task fromCoNLL-2003

Hyper-parameter
Split

Metric [%]

Reduced
vocabulary

Extended
vocabulary

Accuracy Precision Recall F1 AUC

Validation 73.89 99.31 73.89 83.89 97.24
Test 71.98 99.28 71.98 83.09 96.28

✓ ✓
Validation 74.19 99.32 74.19 84.09 97.23
Test 72.28 99.29 72.28 83.30 96.37

Table 5: Ablation of Def2Vec classification results on the CHUNK task from CoNLL-
2003

Hyper-parameter
Split

Metric [%]

Reduced
vocabulary

Extended
vocabulary

Accuracy Precision Recall F1 AUC

Validation 77.79 86.81 77.79 81.34 94.37
Test 77.69 86.56 77.69 81.45 93.07

✓ ✓
Validation 77.84 86.97 77.84 81.47 94.44
Test 77.84 86.61 77.84 81.56 93.08
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Table 6: Ablation of Def2Vec correlation scores on the STS benchmark

Hyper-parameter
Split

Spearman correlation [%] - Subset

Full
dictionary

Extended Caption Forum News All

Validation 76.27 30.17 60.84 69.98
Test 75.52 42.68 57.43 63.72

✓ ✓
Validation 75.93 34.15 61.74 70.73
Test 73.19 43.05 57.47 62.57

Table 7: Classification results on the POS task from CoNLL-2003

Model Split
Metric [%]

Accuracy Precision Recall F1 AUC

Def2Vec
Validation 73.64 85.68 73.64 77.62 95.84
Test 72.42 85.41 72.42 76.55 94.63

Word2Vec
Validation 64.13 85.70 64.13 70.20 94.99
Test 60.01 85.92 60.01 67.45 94.07

GloVe
Validation 82.53 90.49 82.53 85.43 97.94
Test 82.38 90.79 82.38 85.51 97.86

FastText
Validation 80.27 90.47 80.27 83.72 97.81
Test 79.90 90.31 79.90 83.30 97.73

model trained on a subset of the definitions ∼30000, using the resulting model to predict
the embeddings of the words missing from the tasks vocabulary exploiting the unused
Wiktionary definitions.

The results are very close, in most of the cases we observed <1% difference between
the model trained on the full dictionary and that trained on the reduced dictionary. This
result highlighted two points: the embedding prediction process generating embeddings
from the TF-IDF of the definiton provides embeddings compatible with the original
ones and that, given the small difference, even a small dictinary with the most frequent
word is sufficient to create valid representation with our model.

5.2 Comparisons

Tables 7 to 9 report the comparisons on token classification tasks from the CoNLL-2003
data set. Tables 10 to 12 report the comparisons on sequence classification tasks from
the SST, 20NG andWELFake data sets. All classification metrics are obtained though
weighted micro average, using class frequencies as weight, to take into account possible
class imbalances. Finally, Table 10 reports the comparison on semantic similarity from
the STS data set.

Results of all models are undoubtedly below current state-of-the-art o these bench-
marks. However, as anticipated, at this point we were only interested in a comparison
in the same conditions of the different models, rather than on the overall results.
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Table 8: Classification results on the NER task from CoNLL-2003

Model Split
Metric [%]

Accuracy Precision Recall F1 AUC

Def2Vec
Validation 73.89 99.31 73.89 83.89 97.24
Test 71.98 99.28 71.98 83.09 96.28

Word2Vec
Validation 75.00 99.21 75.00 84.50 96.52
Test 73.31 99.25 73.31 83.95 95.44

GloVe
Validation 91.80 99.58 91.80 95.34 99.29
Test 90.52 99.47 90.52 94.60 99.21

FastText
Validation 90.30 99.57 90.30 94.51 99.20
Test 89.32 99.47 89.32 93.93 99.12

Table 9: Classification results on the CHUNK task from CoNLL-2003

Model Split
Metric [%]

Accuracy Precision Recall F1 AUC

Def2Vec
Validation 77.79 86.81 77.79 81.34 94.37
Test 77.69 86.56 77.69 81.45 93.07

Word2Vec
Validation 66.12 82.97 66.12 71.35 90.28
Test 64.94 82.19 64.94 71.00 87.91

GloVe
Validation 80.09 89.86 80.09 84.09 95.18
Test 79.43 89.20 79.43 83.51 94.49

FastText
Validation 82.38 90.21 82.38 85.60 95.03
Test 82.28 89.63 82.28 85.39 94.55

Results on token classification tasks highlight the competitive performances of
Def2Vec. In fact,Def2Vec always perform better or very close toWord2Vec, getting
close to more sophisticated embedding techniques like such as GloVe and FastText.
Conversely, on sequence level prediction,Def2Vec does not perform at the same level of
othermodels. In these cases, theDef2Vec offers reasonable (sufficient) performances, but
still falls below other techniques if we consider SST, 20NS or STS for example. Although,
even in these case the distance from GloVe or FastText is reasonable, especially if
considering the large difference in the amount of training data for the embedding models.

Finally, we want to point out the results on theWELFake, the largest data set, where
Def2Vec performs st the same level of other model (better if considering the AUC, which
is robust to label unbalance). The different results on these benchmarks suggest that no
embedding model seems to clearly outperform the other, underlying that the choice of the
embeddings depends on the specific task. Def2Vec can offer competitive performances,
nevertheless it still has space for improvement, especially in sequence level analysis.
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Table 10: Classification results on the sentiment analysis task from SST

Model Split
Metric [%]

Accuracy Precision Recall F1 AUC

Def2vec
Validation 58.64 58.66 58.64 58.64 61.21
Test 59.82 59.99 59.82 59.83 62.77

Word2Vec
Validation 69.95 69.95 69.95 69.94 74.31
Test 69.31 69.29 69.31 69.28 74.62

GloVE
Validation 65.42 67.56 65.42 64.01 73.40
Test 64.91 66.33 64.91 63.64 73.85

FastText
Validation 63.75 63.74 63.75 63.72 69.46
Test 66.46 66.43 66.46 66.40 71.15

Table 11: Classification results on the news-group analysis task from
20NG

Model Split
Metric [%]

Accuracy Precision Recall F1 AUC

Def2vec
Validation 64.86 69.34 64.86 65.27 96.19
Test 56.40 61.69 56.40 56.68 94.53

Word2Vec
Validation 80.76 81.15 80.76 80.67 98.47
Test 73.60 74.01 73.60 73.43 97.68

GloVE
Validation 82.35 82.94 82.35 82.21 98.83
Test 76.52 77.50 76.52 76.26 98.19

FastText
Validation 72.73 73.90 72.73 72.50 97.50
Test 67.35 68.55 67.35 67.08 96.83

Table 12: Classification results on the fake-news detection analysis task
from WELFake

Model Split
Metric [%]

Accuracy Precision Recall F1 AUC

Def2vec
Validation 78.19 80.80 78.19 77.45 90.63
Test 78.42 80.69 78.42 77.73 90.53

Word2Vec
Validation 78.46 78.45 78.46 78.45 86.08
Test 78.41 78.40 78.41 78.40 86.11

GloVE
Validation 76.84 78.86 76.84 76.65 87.68
Test 76.82 78.83 76.82 76.66 87.78

FastText
Validation 79.97 80.23 79.97 79.84 87.84
Test 79.99 80.20 79.99 79.86 88.03
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Table 13: Correlation scores on the STS benchmark

Model Split
Spearman correlation [%] - Subset

Caption Forum News All

Def2Vec
Validation 76.27 30.17 60.84 69.98
Test 75.52 42.68 57.43 63.72

Word2Vec
Validation 83.33 49.61 63.22 77.67
Test 81.57 52.46 59.18 69.45

Glove
Validation 83.45 55.96 66.60 78.37
Test 80.17 53.49 63.16 69.00

FastText
Validation 86.08 58.95 70.08 81.14
Test 83.27 59.92 61.48 72.49

6 Conclusion

In this study, we extended our analysis of the Def2Vec embeddings, an approach
for learning extensible word embeddings leveraging the semantic information found
within dictionary definitions. Def2Vec effectively leverages the structured lexical
information and LSA to construct embeddings that encapsulate both syntactic and
semantic features. The main feature of these embeddings is the capability of predicting
the embeddings of new words, given the definition of such words. With this paper, we
additionally explored the use of sub-word information to enrich our embeddings.

Through our experiments, encompassing token classification, sequence classification
and semantic similarity, we analysed both the embeddings extensibility characterising
the Def2Vec model, which allows for out-of-vocabulary embeddings predictions, and
we compared our model with state-of-the-art solutions for word embeddings. The
results highlight the potential of our technique, which offer competitive results with
well established embedding techniques. Finally, as highlighted in our previous work,
the prediction of missing embeddings showed how our model can extend its vocabulary
with negligible impact on the performances for predicted embeddings.

From this point on, we are looking forward to further extend our exploration on the
Def2Vec embeddings. Right now, we are mainly interested in adapting Def2Vec to
other languages rather than English to unveil cross-lingual variations in lexical semantics
and offer insights into the generality of our approach and we are also interested in
exploring the use of sub-word embeddings to enhance our model. Moreover, we are
willing to explore the use of these Def2Vec embeddings as input for deep contextual
models and observe the performances of language models built upon these embeddings
on more sophisticated benchmarks.
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