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Abstract. Query-document vocabulary mismatch represents the gap
between a query’s terms and the index terms used for document retrieval.
It is a significant challenge that affects severely the performance of search
algorithms. Our Ph.D. focuses on building a semantic layer that can be
shared by both document index terms as well as query terms in order to
overcome this problem. In this paper we focus on expanding queries using
aligned keyphrases. We show that state-of-the-art keyphrase generation
models do improve retrieval but at the cost of an increased vocabulary
mismatch. To reduce this effect, we project, using sentence-transformers,
the generated keyphrases to their closest representative term from the
indexed vocabulary. However, the original set consists of author-assigned
annotations which may suffer from issues such as duplication and mis-
spelling. Through the processing of these annotations, we are able to
reduce the search space for query-document alignment. We repeat this
experiment on keyphrases extracted by tf-idf and demonstrate signifi-
cant improvements over the author keyphrases, effectively bridging the
vocabulary gap and enhancing search relevance.

Keywords: Abstractive Keyphrase Generation · Information Retrieval
(IR) · Query Expansion · Thesaurus Generation · Sentence Transformers

1 Introduction

With the democratization of Internet, digital libraries have become the main
conduit for accessing, preserving and organizing knowledge. One of its main
challenges relates to user experience, most specifically the retrieval effectiveness
of their search engine and to that extent the underlying indexing process. Due to
copyright and computation constraints, indexing relies on information compres-
sion to index its documents. Broad approaches such as text summarization [11]
as well as granular ones like keyphrase assignment [4] have been observed.

Keyphrases, also known as index terms, are phrases that encapsulate core
concepts found within a document. Together with text summaries, they have
proven effective in easing downstream tasks such as information retrieval [3].
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However, most keyphrase annotation tools have remained since the 1990s ex-
tractive, i.e. keyphrases are found in the source text. On the one hand, this fails
to expand neither the document nor the query given that the keyphrase only
highlights already present terms, which possesses less retrieval power than if the
keyphrase were absent from the text [3]. On the other hand, extractive anno-
tation does not reduce query-document vocabulary mismatch, this phenomenon
corresponds to the gap between terms used by a query and the index terms of
relevant documents. This discrepancy heavily impacts the retrieval effectiveness
of search engines as they struggle to match semantically similar yet lexically
different terms.

To facilitate both reader and author experience in query-document align-
ment, publishing companines have made efforts to constrain the domain of
keyphrases to a professionally curated set of keyphrases, usually called thesaurus.
Still, such thesaurus are time-consuming to produce and require highly special-
ized knowledge, limiting the pool of qualified users.

To address these challenges and limitations, we investigate how can a seman-
tic layer be used to bridge the gap between documents and queries. By matching
complex, domain-specific and diverse terminology from documents with simple,
generic and familiar terms from queries, a semantic layer may greatly reduce the
vocabulary mismatch in the retrieval process.

In this paper, we provide an overview on both "information retrieval" and
"keyphrase generation" (Section 2), we then explain how can the two intersect in
a symbiotic way (Section 3) with an experimental setup (Section 4). We conclude
by discussing future avenues for this thesis (Section 5)

2 Literature Review

2.1 Controlled Vocabularies

Controlled vocabularies find their roots in the fields of library science and in-
formation science, emerging as a response to the need for systematic organiza-
tion of knowledge to facilitate retrieval and use. Given the sparse availability
of keyphrase-annotated documents, early approaches for generating keyphrases
absent from text relied on a thesaurus [15].

The primary purpose of controlled vocabularies is to improve the retrieval
effectiveness. By standardizing terms used to describe content, controlled vo-
cabularies can reduce ambiguity and variability in language, making it easier
to find related information. In practice, most digital libraries do not possess a
professionaly curated controlled vocabulary, especially when they do not cover
regulated fields such as legislature and biology. This opens the path to investigate
what can be used to serve as index terms.

2.2 Keyphrase Assignment

Keyphrase extraction methods used to be the main focus with two separate
schools of thought, one based on statistical unsupervised techniques [9,21] and
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the other on graph-based properties [23,18], the latter ended up becoming the
mainstream approach these last two decades.

Thanks to the recent advancements in computational capabilities, deep learn-
ing has found optimal conditions for its development and applications, allowing
researchers to take full advantage of the increasing corpora published. Specifi-
cally, neural network architectures paved the way for generative models capable
of abstractive keyphrase annotation.

Due to its capacity to generate synonyms which may align with controlled
index terms, abstractive keyphrase generation may represent the solution to over-
come vocabulary mismatch between keyphrases from queries and index terms of
documents.

Pioneered by [17], deep learning generative models used to follow the One2One
architecture; every training example is formed from a document with a singu-
lar keyphrase attached to it split from the targeted keyphrases. For prediction
purposes, such models employ a technique known as beam search to generate
phrases, choosing those with the top rankings as the candidate keyphrases. How-
ever, the architecture failed to consider the relationships among keyphrases, po-
tentially limiting the efficiency of keyphrase generation models.

Addressing the previous limitation, One2Seq treats the generation of keyphrases
as a task of creating a sequence. Here, the target keyphrases are organized in
a specific sequence using delimiters, with present keyphrases arranged by their
appearance order in the text and absent keyphrases placed randomly afterwards
as described by [16]. Nevertheless, its reliance on a predetermined keyphrase
sequence can introduce bias during training phase, particularly if the generated
keyphrases don’t align with the sequence. Furthermore, production of repetitive
keyphrases has been observed in [6].

2.3 Text representation

Introduced by [19], Word2Vec is a neural network architecture focused on captur-
ing semantic relationships between words by representing them in a shared vector
space. Doc2Vec [12] extends this principle by training a set of index-document
pairs where indices can be n-gram words and documents a list of words. Never-
theless, embeddings remain static regardless of context, e.g. "orange" will have
the same embedding when used as a color or a fruit. Overcoming the lack of
uncontextualized word embeddings as well as using a more granular tokeniza-
tion than words. Sentence-Transformers [20] are a recent architecture that lever-
ages advancements made by BERT [7], Sentence-Transformers improves upon
traditional embeddings by generating contextualized representations of words,
capturing nuanced meaning based on the surrounding words in the text. Unlike
Word2Vec and Doc2Vec, Sentence-Transformers are trained to understand the
relationships between sentences, making them well-suited for tasks like semantic
similarity.

Sentence-Transformers may be able to match keyphrases used as index terms
for documents as well as keyphrases used for query expansion.
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3 Problem Statement

In our context, we use Sentence-Transformers to act as an embedding system to
map keyphrases generated for query expansion to the set of index terms used for
documents. This approach has, to the best of our knowledge never been applied
in the context of query-document keyphrase alignment, and could reduce the
reliance on specific ontologies or vast amounts of training data while enhancing
the precision of indexing and retrieval, potentially overcoming the vocabulary
mismatch through a keyphrase shared semantic layer.

Methodology

In this section, we present our three-step approach: Thesaurus Construction,
Query Expansion and Query-Document Alignment.

3.1 Thesaurus Construction

Thesaurus Construction focuses on generating a set of index terms that will
serve as the semantic layer. Currently, we focus on simplifying keyphrase annota-
tions from documents through a series of natural language processing techniques:

– Two keyphrases are clustered if they are similar when lowercased;
– Further clustering occurs when their respective stopwords are removed;
– Keyphrases are further grouped when their subwords are stemmed;
– Finally, clustering occurs if their stemmed subwords are the same when

sorted alphabetically.

Though simple, these steps allow us to reduce redundancy in the search
space. Indeed, annotations such as "Recommendation Systems" and "system
recommender" cannot be matched directly due to their lexical distinction despite
their clear semantic link. Through our processing steps we are able to cluster
both keyphrases into a single keyphrase to be used by the semantic layer, in
practice we replace the least common keyphrase of the two by the other. Thus,
these processing steps are able to automatically reduce the size of our semantic
layer whilst not degrading the performance of retrieval algorithms like BM25,
given that it is insensitive to lower-casing and token order.

3.2 Query Expansion

Query Expansion consists in concatenating queries with generated keyphrases
using state-of-the-art models. We use the query as text input for the model and
add to the original query the output keyphrases from the model. In order to
avoid bias from over-generating and length-penalty from retrieval systems, we
reduced the maximum number of generated keyphrases to 5.
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3.3 Query-Document Alignment

Query-Document Alignment is performed by computing Sentence-Transformers
embeddings for both the index terms and the keyphrases generated for the
queries. By applying a pairwise similarity metric between keyphrases and index
terms, we can project each keyphrase into a corresponding index term, effectively
bridging any possible vocabulary mismatch.

4 Results

4.1 Experimental setup

Dataset Our investigations centered around the ACM-CR [2] document retrieval
dataset. It consists of 102,411 documents in English on topics related to informa-
tion retrieval from the ACM Digital Library. 169 citation contexts were extracted
from scientific papers from the 2020 proceedings of conferences centered on in-
formation retrieval which serve as queries, these citation contexts are sentences
or whole paragraphs from human authors that contain one or more references to
other scientific papers. We view these cited references as relevant documents for
the citation context, that is also serve as a query. 481 query-document relevant
pairs are made available.

We also compared two annotation methods to expand the documents:

– Using available author-assigned keyphrases from the documents.
– Using scikit-learn’s TfIdfVectorizer extraction algorithm with param-

eters ngram_range = (1, 4) and nltk’s stopword list and word tokenizer.

This two annotation methods will allow us to compare how index terms can
differ and what is the impact on retrieval effectiveness.

Unique
Keyphrases

Keyphrases
w/ count > 1

Keyphrase
count

Before Thesaurus Processing
Authors 112134 26.57% 2.87 ± 15.51
TF-IDF 330992 21.54% 1.44 ± 7.94

After Thesaurus Processing
Authors 89816 30.08% 3.58 ± 21.22
TF-IDF 266592 31.48% 1.79 ± 9.02

Table 1. Annotation statistics for both configurations. The last three columns are
expressed under a "Mean ± Standard deviation" format.

Table 1 presents the varying distributions before and after applying Thesaurus
Processing on both author-assigned and TF-IDF annotations.
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Prior to processing, the author-assigned keyphrases showed a lower total
number of unique keyphrases (112,134) compared to TF-IDF (330,992), with
a higher percentage of keyphrases that appeared more than once (26.57% vs.
21.54%). First of, almost 30% of documents have no author-assigned keyphrases [3].
However, when applying tf-idf, we extracted the top 5 keyphrase candidates
based on the 4.5 average keyphrase per document statistic given by the au-
thors [3]. Moreover, tf-idf’s purely extractive nature makes each author’s writing
style add unique keyphrases to the thesaurus. Still, we observe in both config-
urations a 20% drop of unique keyphrases after Thesaurus Processing’s step.
Also, the number of keyphrases that appear more than once is greater after
processing, revealing that tf-idf tend to paraphrase itself more often.

Overall, the number of appearance of each keyphrase increased after pro-
cessing, though with greater variance. This skewed distribution is a sign of a
poorly designed thesaurus. Indeed, thesauri are expected to be uniformly dis-
tributed and each index term should cover a concept as unique as possible from
the others, like independent mathematical axes. Though keyphrases are on aver-
age more used, the standard deviation enable us to confirm that the appearance
count isn’t distributed equally. This may be in part due to the varying degree of
specifity found in keyphrases, e.g. both configurations have entries very generic
like "error" and "human" as well as very specific ones like "computer-assisted
language learning".

Also, we found that current simple processing techniques cannot adequately
tackle all redundancy in the dataset. For example, keyphrases like "360-video",
"360° video", "360-degree-video" and "360-video mental health" were still sepa-
rated after our processing step.

Query Expansion To inquire about our mapping on different annotations, we
assigned keyphrases to the queries using;

– MultipartiteRank [1]: A graph-based extraction method that evaluates
the relationships between words and their co-occurrences. By constructing
a weighted graph representation of the text, it identifies the most relevant
terms based on their structural importance and connectivity.

– GPT-3.5: Leveraging the capabilities of a large language model, we used
OpenAI’s prompt template3 to facilitate keyphrase extraction.

– KeyBART [10]: KeyBART is a pre-trained model based on the BART
(Bidirectional and Auto-Regressive Transformers) architecture [14], designed
specifically for keyphrase generation following the One2Seq format.

Query-Document Alignment We generate embeddings for index terms from
one of the two thesauri after processing using Mixedbread’s embedder that ap-
pear in the top-30 MTEB leaderboard [?][13]. We do the same with keyphrases
from queries. Then, for each query’s keyphrase, we project it to its closest index
term using cosine similarity.
3 https://platform.openai.com/docs/examples/default-keywords

https://platform.openai.com/docs/examples/default-keywords
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Evaluation Experiments are carried out by indexing documents using annota-
tions from either the author’s or tf-idf thesaurus after processing. We perform
ranking of queries and their expansions through the standard Lucene’s BM25
model implemented in the BM25-Sparse open-source Python module4. Stemming
is always carried out, since it is a standard procedure in information retrieval,
using nltk’s implementation of PorterStemmer. Stopwords are usually removed
to ease BM25’s calculation as per the bm25s documentation. For all configura-
tions, we use bm25s’ default parameters k_1=1.5, b=0.75. We evaluate retrieval
effectiveness in terms of mean Average Precision (mAP) on the top 10 retrieved
documents as per [8]. We also quantify query-document vocabulary mismatching
as the ratio of a query’s tokens not found in the set of index terms.

Query expansion
Author indexing TF-IDF indexing

mAP@10 Mismatch mAP@10 Mismatch
Queries with no keyphrases

None (default query) 0.113 12.70% 0.147 10.20%
Queries with raw keyphrases

KeyBART 0.116 13.60% 0.155 11.70%
MultipartiteRank 0.121 13.40% 0.148 10.20%

GPT-3.5 0.119 12.70% 0.160 10.80%
Queries with projected keyphrases

KeyBART 0.124 10.70% 0.161 8.70%
MultipartiteRank 0.121 11.70% 0.166 9.20%

GPT-3.5 0.135 11.20% 0.198 8.40%

Table 2. Experimental results of document retrieval using our configurations, with a
comparison between indexing using author-assigned and TF-IDF-based keyphrases.

Results Table 2 shows our experimental results. Across all query expansion
techniques and regardless of projecting keyphrases to their respective controlled
index terms, TF-IDF provide a better indexing basis for retrieval effectiveness
as seen with the mAP score, despite indexing three times more keyphrases (Ta-
ble 1). We may attribute this to the inherent nature of BM25 that is heavily
based off TF-IDF’s principle. We observe on average an increase of 3–4 percent-
age points when switching from authors to tf-idf indices.

Across all configurations, using query expansion techniques improves retrieval
performance, with GPT-3.5 having the best increase in retrieval power except
against MultipartiteRank in the first unprojected author-assigned thesaurus,
which again may be due to poor indexing grounds.

Projecting keyphrases into the controlled thesaurus significantly reduces the
vocabulary mismatch, showing that this method is effective in improving query-

4 https://github.com/xhluca/bm25s

https://github.com/xhluca/bm25s
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document alignment. Each configuration consistently performed better in re-
trieval than its non-projected counterpart. The largest score difference in mAP
is over 8.5 percentage points and just under 4.5 percentage points in mismatch.

5 Future Directions

5.1 Improving Thesaurus Processing

While we unraveled the potential in building a semantic layer based on TF-
IDF annotations, we still fail to cluster many keyphrase pairs. For example, the
author-assigned processed thesaurus still left out keyphrases "360-degree video",
"360 degree video" and "360° video" as separate index terms. This results in
extreme redundancy and poor performance of our keyphrase alignemnt approach.

HDBSCAN [5] is density-based hierarchical clustering technique that allow
better clustering of keyphrases by progressively merging index terms based on
their semantic similarity, e.g. generic terms like "video" can be linked to specific
phrases like "360-degree video".

5.2 Addressing Biases in Abstractive Keyphrase Generation

[22] called the separation of extraction and abstraction keyphrase annotation. In
this paper, we introduced a two-step approach that leverages the well-established
strength of extractive methods and then refines it through an abstraction phase.

Still, we only computed surface-level representations of index terms, it would
be interesting to levearage Large Language Models to build actual definitions of
these index terms in order to build more robust embeddings.
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