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Abstract. In this paper we provide an approach to improve word sense
induction systems (WSI) for web search result clustering. We experiment
with language models, specific features, and clustering algorithms based
on the sense2vec and the sent2vec systems. After having performed 40
carefully designed experiments we obtained interesting insights on the
effects of several feature combinations which resulted in our WSI system
CHERTOY.
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1 Introduction

With improved systems and devices and also people getting used to the quality
and speed in information retrieval there is an increasing expectation in quality
and speed for receiving - intentional or unintentional but proper - desired search
results. Several methods provide approaches for solving clustering and diversify-
ing web search results as well as solving query ambiguity issues. We present the
CHERTOY unsupervised WSI system as our solution as a part of the project task
of the Formal Semantics course of the Institute for Computational Linguistics
of University Heidelberg in the winter semester 2017/2018. The task is based on
the SemEval-2013 shared task [23]. For our experiments based on the sense2vec
system we are using several language models, specific features, clustering algo-
rithms, and their combinations to explore their effects and get an improvement
in comparison to our baseline. We used pretrained language models as well as
self-trained sent2vec models over the english Wikipedia from the 20th August
2017. Various preprocessing steps and compositional models are completing our
setup. In order to get subtopic groups with our WSI systems, we grouped the
web search result snippets over the topics provided as test data.
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2 Related work

The complexity of the web and the amount of new content are still rising as
the necessity for finding desired information. Even if the quality of web search
results has become higher in the recent years there are still many problems
to solve to achieve better and detailed results. A fundamental task is to solve
ambiguous keywords in search queries [28]. Beside the word sense disambiguation
(WSD) [22] the word sense induction (WSI) [24, 25] is an important approach for
web search result clustering which was the aim for the SemEval task 2013 [23].
WSI aims at discovering senses of a given word from raw text based on unlabeled
corpora [25]. There are several approaches for clustering search results based on
context, words, phrases [4], co-occurrence graphs [12,10] or probabilistic [5]
methods.

To get similarities an algorithm needs to model and compare sentences [2, 3],
phrases, words [17,31] or characters. Algorithms such as Siamese Coninuous Bag
of Words averaging word embeddings [13], ParagraphVector which is learning
fixed-length feature representations from variable-length pieces of texts [16] or
the compositional n-Gram features using sent2vec [26] are providing attempts to
sentence vector representations [32]. A distributional semantic model optimizing
context predictions for phrases is C-PHRASE which can be used for single words
as well as full sentences [14]. Vector space representation methods for words are
the precise syntactic and semantic word relationship capturing word2vec or the
global logbilinear regression model GloVe (Global Vectors) [27]. The character-
enhanced word embedding model (CWE) is providing a method for languages
such as Chinese or Japanese where a semantic meaning of a word is also related
to the meanings of its composing characters [8]. Also for alphabetical based
languages there are systems providing an model working with characters such
as Chargram via character n-Grams [33].

Looking at subword information there are senses, hidden topics or context
clues. An effort to build a model for senses provides the sense2vec algorithm [29)].
Subword information using models are Knet, using contextual information and
morphological word similarity to build a morphological knowledge based word
embedding approach [9] or a system of Cao et al. using character n-grams,
root/affix, inflextions and capturing structural information of their context with
convolutional feature learning [6]. A model shared in the SemEval-2013 task is
driven by a Latent Dirichlet Allocation (LDA) topic model [15]. Various un-
labeled corpora as Wikipedia are used to feed the models with language and
vocabulary cues [7]. Many algorithms produces vector spaces with a combina-
tion of several features and creating models to solve the WSI task. An overview
over vector space models is provided by Turney et al. [30] and specially over vec-
tor representation of meanings in phrases and sentences by Mitchell et al. [21].
An objective evaluation of WSI systems is difficult differently to the evaluation
of WSD systems but several frameworks are provided [1].
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3 Model

The proposed CHERTOY system! is a quintessence of experiments within the
confines of unsupervised WSI models that cluster the snippets into semantically-
related groups, using word and sentence embeddings for language modeling. We
compared our system against a simple baseline, based on sense2vec language
model[29] and KMeans clustering algorithm with predefined number of clusters.
In order to overcome the low results of the baseline, producing meaningless clus-
terings, we performed 40 experiments (see Tables 1-4 and Appendix), comparing
the influence of different processing steps at the performance. CHERTOY is one
of the experiments that achieves the highest average evaluation scores on the
trial data (see Section 4). The main processing steps of CHERTOY are shown
in Figure 1.

Language
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Fig. 1: Main processing steps of CHERTOY.

4 Discussion

SemEval 2013 task [11] provides a framework for the objective evaluation of
Word Sense Induction algorithms in an end-user application [10]. We use the
framework to monitor the system performance on the trial data with the changes
that were made to the system. The framework provides four different evaluation
measures: Average Fl-measure, Average Rand Index, Average Adjusted Rand
Index, and Average Jaccard Index.

! https://gitlab.cl.uni-heidelberg.de/semantik_project/wsi_chernenko_
toyota.git
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The Rand Index (RI) determines the percentage of snippet pairs that are in
the same configuration in both clustering and gold standard clustering. Its main
weakness is that it does not take chance into account. The Adjusted Rand Index
(ARI) corrects this value and is 0 when the index equals its expected value [10].
However, the ARI measure tends to overweight the usefulness of snippets placed
in different clusters. The Jaccard Index (JI) addresses this issue [10].

In this section, we consider the performance of the baseline and 40 exper-
iments with it, and compare the impact of different features on the above-
mentioned evaluation measures.

Table 1: Experiments - preprocessing.

Preprocessing steps

tokenization

tokenization + punctuation removal

tokenization + capitalization removal

tokenization + punctuation removal + en stopwords removal

tokenization 4+ punctuation removal 4+ stemming

tokenization 4+ punctuation removal + POS

tokenization + punctuation removal + POS or without POS if no match

tokenization + punctuation removal + capitalization removal + english stopwords removal

Table 2: Experiments - language models.

Language models

sense2vec

word2vec (trained on Brown Corpus)

sent2vec with sent2vec_torontobooks_unigrams (2GB, trained on the BookCorpus dataset)
sent2vec wiki_bigrams

sent2vec wiki_unigrams

sent2vec own model, Wikipedia unigrams (25,4 GB, trained on Wikipedia 2017 dataset)
sent2vec own model, Wikipedia bigrams (36,6 GB, trained on Wikipedia 2017 dataset)

Table 3: Experiments - compositional models.

Compositional models
Vector Mixture Model (BOW model for each snippet)
tuned Vector Mixture Model (weighted BOW model for each snippet)
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Table 4: Experiments - clustering.

Clustering

KMeans

MeanShift

Aglomerative Clustering
Spectral clustering
Affinity Propagation
cosine similarity

4.1 Baseline vs. CHERTOY

We show the results of the baseline and CHERTOY on the trial data in Table 5.
CHERTOY significantly outperforms the baseline in pairwise evaluation metrics
(av.RI, av.ARI, av.JI), showing almost equal to baseline F1 results.

Conceptually, the proposed system can be seen as an extension of the base-
line, using additional preprocessing step of punctuation removal and exploring
another clustering algorithm (MeanShift). These simple improvements double
average Rand Index on the trial data and increase average Adjusted Rand index
and Jaccard Index five-eight times over. Sections 4.2-4.4 prove that any other
tested extensions within the confines of the described in Section 3 word/sentence
embeddings models cannot reach the results of CHERTOY on the trial data,
when we focus on pairwise evaluation measures. F1 measure ranks the systems
differently, and some of our experiments outperform CHERTOY in F1 scores.
For example, Variant 6 (see Appendix) reaches 0.7001 F1 score, clustering the
snippets into 20 clusters, and Variant 16 (using Affinity Propagation cluster-
ing) reaches 0,6974 F1 score, which also slightly outperforms CHERTOY, but
both of the systems show very low average RI, ARI, and JI values, producing
trivial meaningless clustering. The slight variations of the CHERTOY system,
represented by the Variants 37-40, utilize other language models (sent2vec[26]:
two pretrained and two trained models (see Table 2)) instead of sense2vec[29].
In order to measure the effect of the quality of the language model on the per-
formance, we used two given sent2vec models (Table 2) and trained our own
uni- (25,4 GB) and bigrams models (36,6 GB). All these models are based on
Wikipedia Corpus, therefore provide equal lexicon. As shown in Table 5, new
language models influence F1, RI, ARI and JI measures, decreasing/increasing
the values proportionally to the model size. At the same time, these variants
cannot reach ARI score, performed by CHERTOY that uses sense2vec language
model. Tt is noteworthy that all the variations of CHERTOY (Variants 37-40)
have high Jaccard Index, which is not achievable by other tested systems (see
Appendix). More specifically, CHERTOY benefits from the use of MeanShift
Clustering algorithm in terms of JI performance. Our approach allows to reach
state-of-the-art F'1 and JI scores, using minimal processing steps and outperform-
ing non-semantic SRC-systems, mentioned in [10]. As we don’t test CHERTOY
on the same datasets, the direct comparison is not possible. However, we can
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expect comparable with state-of-the-art F1, RI and JI scores, performing worse
than graph-based approaches in terms of ARI.

Table 5: CHERTOY vs. its variantions and baseline.

Evaluation measure |Baseline| CHERTOY |Variant 37|Variant 38| Variant 39|Variant 40
average F1 0,6852 |0,6832 0,6663 0,6739 0,6636 0,6636
average RI 0,3732 |0,6823 0,6586 0,6582 0,6135 0,6093
average ARI 0,0284 10,1538 0,0064 0.0287 -0.0329 -0,0473
average JI 0,1431 0,6249 0,6496 0,6421 0,5963 0,5901

av. number of clusters|10 7 5 6 7,5 7,5

av. cluster sizes 10 14,82 21,9 17,56 13,54 13,54

4.2 Impact of preprocessing

With Variants 5, 7-10, and 13-15 (see Appendix) we explore the impact of prepro-
cessing steps on the performance of the baseline with fixed processing steps and
parameters (KMeans clustering with 7 clusters and sense2vec language model).
The optimal results are attained after tokenization and punctuation removal
(Variant 8), whereas an additional POS-tagging step can slightly improve RI,
ARI and JI scores and reduce F1, possible because of the lower recall values.
Other preprocessing steps (capitalization removal, stopwords removal, stemming
and their combinations) slightly reduce all the evaluation measures.

4.3 Impact of different Language models

In order to measure the influence of different language models, we provide Vari-
ants 8, 11, 20, and 25-40 (see Appendix). Variant 11 that utilizes word2vec model,
trained on Brown Corpus, slightly increases JI, but reduces F1, RI and ARI
scores. Interesting results are achieved by using sent2vec toronto_books_unigrams
model (Variant 20), which allows to improve RI, ARI and JI values (with a small
decrease in F1). Other trained models - sent2vec wiki_unigrams and sent2vec
wiki_bigrams - perform almost similar to sense2vec. Very good results are achieved
using own trained unigrams and bigrams sent2vec models (25,4 GB and 36,6 GB
respectively) with KMeans clustering, however sense2vec model provides higher
ARI value (compare Variants 37-40 with CHERTOY; for more information see
Section 4.1).

4.4 Impact of different Clustering algorithms

The interesting key finding is that, independently of the language model and
preprocessing steps, the most noticeable affect is provided by the choice of the
clustering algorithm. We consider five clustering algorithms: KMeans, Mean-
Shift, Spectral Clustering, Aglomerative Clustering, and Affinity Propagation.
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To check the performance of the algorithms, we also provide clustering with
cosine similarity to the subtopics. Subtopics information is provided only for
the trial data, thus Variants 21-23, 33-36 deal only for comparison with above-
mentioned algorithms. The worst results are provided by Affinity Propagation
algorithms, followed by KMeans and Aglomerative Clustering. Spectral Cluster-
ing allows to increase AJI, but shows negative ARI values. It shows the results
comparable to those we could achieve, utilizing given subtopics and cosine sim-
ilarity measure. MeanShift Clustering achieves the best performance, which is
proved by testing it with different language models.

We have also explored the effect of the tuned vector mixture model and
predefined number of clusters (to get further insights into the performance, see
Appendix).

5 Conclusion

In this project, we explored the possibilities and confines of the word and sentence
embeddings for the task of WSI [11]. This technique of language modeling is a
simple but efficient method for Word Sense Induction (WSI), that is, methods
aimed at automatically discovering the different meanings of a given term.

The main contribution of our work is a detailed research of the influence of
different features, language models, clustering algorithms and their combinations
at the performance of an unsupervised WSI system, using word and sentence
embeddings. Our 40 experiments allow to choose the best combination of steps
and to build a simple unsupervised WSI system CHERTOY that can identify the
meaning of the input query and cluster the snippets into semantically-related
groups. Our method shows performance improvements compared to the baseline
and its derivatives.
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