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Abstract
Keyphrases which are useful in several NLP and IR applications are either extracted from text or predicted by
generative models. Contrarily to keyphrase extraction approaches, keyphrase generation models can predict
keyphrases that do not appear in a document’s text called ‘absent keyphrases‘. This ability means that keyphrase
generation models can associate a document to a notion that is not explicitly mentioned in its text. Intuitively, this
suggests that for two documents treating the same subjects, a keyphrase generation model is more likely to be
homogeneous in their indexing i.e. predict the same keyphrase for both documents, regardless of those keyphrases
appearing in their respective text or not; something a keyphrase extraction model would fail to do. Yet, homogeneity of
keyphrase prediction models is not covered by current benchmarks. In this work, we introduce a method to evaluate
the homogeneity of keyphrase prediction models and study if absent keyphrase generation capabilities actually help
the model to be more homogeneous. To our surprise, we show that keyphrase extraction methods are competitive with
generative models, and that depending on the evaluation scenario, having the ability to generate absent keyphrases
can actually act to the detriment of homogeneity. Our data, code and prompts are available on Huggingface and github.

Keywords: keyphrase generation, keyphrase extraction, indexing homogeneity, keyphrase quality evalua-
tion

1. Introduction

Keyphrases are expressions that represent the key
aspects and notions of a document. They are use-
ful in a variety of NLP tasks, such as summarization
or classification, but also for information extraction,
such as document indexing.

Predicting keyphrases can be done either
through extraction or generation. In that last case,
keyphrase generation models are able to generate
keyphrases that do not appear in the document
(called ‘absent keyphrases‘). This ability to gener-
ate absent keyphrases is one of the reasons why
generation models outperform extraction models
in intrinsic and extrinsic evaluations, especially in
the latter, as generating absent keyphrases indeed
brings additional information and thus improves the
document’s indexing(Boudin and Gallina, 2021).
However, the evaluation of keyphrase prediction
models is still an under-studied field of research
as the vast majority of approaches are still only
evaluated by comparing with reference keyphrases.
This kind of evaluation only measures the model’s
ability to reproduce the annotation of reference, not
the quality of the predicted keyphrases.

When it comes to document indexing, Firoozeh
et al. (2020) detailed several properties that
keyphrases or keyphrase prediction models must
satisfy to be useful. However, only a minority of
these properties are commonly evaluated. One of
those properties that has yet to be studied is ho-
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mogeneity, i.e. the ability to consistently assign the
same keyphrase to the same concept in different
documents. This property is extremely important
to ensure the consistency of the indexing process.
Rolling (1981) presented the lack of homogeneity in
the indexing as one of the limitations of having mul-
tiple human indexers. The more indexers, the more
difficult it becomes to have the same keyphrase at-
tributed to the same notion in different documents.
Automatically indexing with a keyphrase prediction
model might be a solution to that problem, since all
the indexing is done by a single "annotator". How-
ever, the homogeneity of the indexing from that kind
of models is not guaranteed. Indeed, contrarily to
controlled indexing, which performs indexing with a
thesaurus and thus seeks to guaranty homogeneity,
keyphrase prediction models are almost exclusively
trained in a free indexing setup (i.e. without vocab-
ulary constraints).

In this work, we propose a method to evaluate
the homogeneity of keyphrase prediction models
in free indexing. To that end, we construct pairs
of documents that have the same key aspects and
measure the similarity of the predicted keyphrases
for both documents . Our pairs are from documents
from widely used datasets in the computer science
domain.

Our contributions are as follows. We introduce a
method to evaluate the homogeneity of keyphrase
prediction models, thus widening the panel of stud-
ied quality properties. We thoroughly analyse our
results and show that, to our surprise, absent
keyphrase generation abilities can actually have
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a negative impact on homogeneity in a free index-
ing setup. We make our data pairs and our code
available to the community on Huggingface 1 and
github2 respectively.

2. Hypothesis and approach

Shen et al. (2022) discovered that in the Inspec col-
lection (Hulth, 2003), a widely used dataset of bibli-
ographic records in the computer science domain
annotated by professional indexers, 95% of the ab-
sent keyphrases were present keyphrases in other
documents of the same collection. This means that
for two documents having common concepts, there
is a chance that the associated keyphrases will not
be present in the source text of both documents.

As only keyphrase generation models have the
ability to generate absent keyphrases, keyphrase
extraction approaches would then fail to be con-
sistent in indexing both documents. Therefore,
our hypothesis is that keyphrase generation mod-
els can produce more homogeneous predictions
than keyphrase extraction models, and that mecha-
nisms improving generation capabilities must also
improve homogeneity.

3. Experimental Settings

3.1. Evaluation metrics
When we consider the keyphrase prediction model
as an annotator for an indexing task, the defini-
tion of homogeneity is closely related to the defini-
tion of intra and inter-annotator consistency (Zunde
and Dexter, 1969; Leonard, 1977; Rolling, 1981)
i.e. we evaluate whether the model is consistent
in its indexing of same concepts from different
documents. Thus, we can apply a measure of
intra-annotator consistency on pairs of similar doc-
uments to evaluate homogeneity. We consider that
for two documents of the same topics, a homoge-
neous keyphrase prediction model must predict the
same keyphrases or at least, similar ones. Our
evaluation protocol is illustrated in figure 1. For
each pair of documents, we predict keyphrases on
both documents and then measure the consistency
of both predictions.

To measure the homogeneity, we use two metrics
from intra- and inter-annotator consistency studies:
Hooper’s CP and Rodgers’ CP where "CP" stands
for "consistency of a pair" (Leonard, 1977). These
two metrics are Jaccard index (i.e. intersection over
union) applied on keyphrase sequences. Hooper’s

1https://huggingface.co/datasets/
taln-ls2n/keyphrase_homogeneity_
evaluation

2https://github.com/MHoubre/kpg_
homogeneity_eval/tree/master

CP measures the intersection over union at the
keyphrase scale while Rodgers’ CP, a more per-
missive metric, measures it on a word scale. Let’s
say a model predicts "natural language process-
ing, homogeneity evaluation, keyphrase genera-
tion" for the first document and "natural language
processing, homogeneity evaluation, text gener-
ation" for the second document. For those two
sequences, the intersection at the keyphrase level
(i.e. Hooper’s CP) will be 2 keyphrases out of 3,
and at the word level (i.e. Rodgers’ CP), it will be
6 unique words out of 7. We chose those met-
rics as they have already been employed in works
evaluating indexing consistency and because they
are easily explainable. Furthermore, embedding
similarity metrics such as BertScore (Zhang et al.,
2020) that could be more permissive and capture
semantic similarity between generated keyphrases
have been shown to still be positively correlated to
lexical similarity metrics (Jourdan et al., 2025).

3.2. Models
We conduct our evaluation on 8 keyphrase gen-
eration models as well as 2 keyphrase extraction
approaches as baselines. We chose a majority of
keyphrase generation models as they have been
the state of the art in keyphrase prediction since
their introduction by Meng et al. (2017). We think
that the choice of those 8 generative models rep-
resents a good overview of the different works on
keyphrase generation architectures since the in-
troduction of keyphrase prediction as a sequence
generation task. For the keyphrase extraction mod-
els, we focused our choices on well established
and still competitive baselines leveraging two very
different approaches : statistics and graphs with
topic modelling.

• CopyRNN (Meng et al., 2017): the first
encoder-decoder model applied for keyphrase
generation. The model employs a copy mech-
anism, allowing it to copy words from the
source text to tackle the problem of keyphrases
composed of out of vocabulary words. We
also evaluate a variant of this model, Cor-
rRNN (Chen et al., 2018) which adds a cover-
age attention mechanism to improve the diver-
sity of the predictions.

• TG-Net (Chen et al., 2019b): an encoder-
decoder model with a copy mechanism but
with an additional encoding, matching parts
of the title to the rest of the text in order to
give it more weight in the overall text repre-
sentation. We also use another version of this
model, TGRF (Chan et al., 2019) is the same
architecture but trained with a reinforcement
learning policy.

https://huggingface.co/datasets/taln-ls2n/keyphrase_homogeneity_evaluation
https://huggingface.co/datasets/taln-ls2n/keyphrase_homogeneity_evaluation
https://huggingface.co/datasets/taln-ls2n/keyphrase_homogeneity_evaluation
https://github.com/MHoubre/kpg_homogeneity_eval/tree/master
https://github.com/MHoubre/kpg_homogeneity_eval/tree/master
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Figure 1: Illustration of our evaluation approach. Keyphrases, represented as coloured rectangles, are
predicted for both articles and the intersection between the predictions is measured.

• BART (Lewis et al., 2020): a pre-trained
encoder-decoder model that has been widely
used for keyphrase generation (Chowdhury
et al., 2022; Kulkarni et al., 2022; Meng et al.,
2023; Boudin and Aizawa, 2024; Houbre et al.,
2025) as it has shown state of the art per-
formances on summarization tasks to which
keyphrase generation is sometimes consid-
ered a related task.

• One2Set (Ye et al., 2021): the current state
of the art architecture for keyphrase gener-
ation which generates keyphrases in a set
of independent keyphrases rather than a se-
quence (Ye et al., 2021; Xie et al., 2022)

• MultipartiteRank (Boudin, 2018): an unsu-
pervised keyphrase extraction method rely-
ing on a multipartite graph as well as topic
modelling to improve the diversity of the ex-
tracted keyphrases and their coverage of a
document’s topics.

• TF-IDF (Salton et al., 1975): an unsuper-
vised method that ranks candidate keyphrases
based on the ratio of their frequency in the
document and their frequency in the overall
corpus.

For BART and One2Set models, we also train
those models, using the self-compositional data
augmentation method from Houbre et al. (2025)
which increases the original set of documents with
synthetic generated documents. As this method
has been shown to improve absent keyphrase gen-
eration, we want to evaluate if indexing a document
with a method that favours the generation of absent
keyphrases has a positive impact on homogene-
ity. We refer to those models as BART-60p and
One2Set-60p respectively.

All generative models are trained on
KP20k (Meng et al., 2017) which is the most
widely used dataset for keyphrase generation. It
comprises 530k bibliographic records annotated

by the authors. At the exception of One2Set
which has its own training paradigm, all generative
models are trained on the One2Seq paradigm (i.e.
all the keyphrases in a single sequence) and in
an auto terminating setting. This means that the
model has to determine how many keyphrases it
has to predict for a given document (Yuan et al.,
2020). The keyphrase sequences for training
are ordered first with present keyphrases in their
apparition order in the source text, followed by
absent keyphrases in their original order. We
chose this order as it had the best performances
according to Meng et al. (2021). For the CopyRNN
model, CorrRNN, TG-Net and TGRF, we train
them with the same parameters as from Chan et al.
(2019) and use the code made available by the
authors 3.

For the keyphrase extraction models, we use the
implementation available in the pke library (Boudin,
2016). For those methods, the tool only allows us
to predict a fixed number of keyphrases for each
document. As keyphrase generation models have
been trained on KP20k, a dataset with an average
of 5 keyphrases per document, we fix the number
of predictions for MultipartiteRank and TF-IDF to 5.

3.3. Getting evaluation data

To evaluate homogeneity, we need pairs of doc-
uments that treat the same notions. We identify
two ways to achieve this goal. The first one is to
reformulate a document to have a second version.
The second one is making pairs with documents
that share keyphrases, under the hypothesis that
documents sharing keyphrases are semantically
similar. The statistics of our datasets are available
in Table 1 with the proportion of keyphrases accord-
ing to the PRMU classification paradigm (Boudin
and Gallina, 2021).

3https://github.com/kenchan0226/
keyphrase-generation-rl

https://github.com/kenchan0226/keyphrase-generation-rl
https://github.com/kenchan0226/keyphrase-generation-rl
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Dataset Version #Documents %P %R %M %U
Original 500 78.7 9.9 6.5 4.9

Inspec Back-translated 170 69.8 15.5 8.4 6.4
Paraphrased 110 65.6 17.9 8.6 7.9

KP20k Original 20 000 58.4 10.8 17.2 13.6
CP 50% 225 49.2 6.8 20.6 23.3

Table 1: Datasets statistics. The "CP 50%" version of kp20k’s test set lists the documents from the pairs
with a Hooper’s score on their author assigned keyphrases of at least 50%. The %P, %R, %M and %U
columns refer to the proportion of keyphrases of each category from the PRMU classification (Present,
Reordered, Mixed and Unseen) defined in Boudin and Gallina (2021).

3.3.1. Pairs with reformulation

Getting a second version of a document through
reformulation has the advantage of preserving the
overall meaning and therefore, the pertinence of
the assigned keyphrases. There are several ways
to reformulate a document. We can replace some
words by synonyms, generate paraphrase or use
back-translation. As large language models have
shown good performances in paraphrase and back-
translation (Witteveen and Andrews, 2019; Wang
et al., 2024), we opt for those two methods. We
select two methods to make sure that we have
enough evaluation examples, even after filtering
reformulations of lesser quality.

For those two tasks, we use the GPT-4o
model (OpenAI et al., 2024) as it is one of the best
performing model for text generation tasks at the
moment of this work. As our data is in English, we
choose the English-Spanish language pair for back-
translation. The choice of this language pair comes
from the hypothesis that as GPT models have been
trained on web data, it is very likely that they have
been trained on popular massive datasets such as
Oscar (Ortiz Suárez et al., 2020). On this dataset,
the two most represented languages are English
and Spanish. Also, when asking GPT-4o to give
the two languages it has been trained on the most,
the answer was English and Spanish.

Once the reformulations are generated, we en-
sure and evaluate their quality upon two criteria,
monotony and diversity. To ensure the quality
of the reformulation, we check that the present
keyphrases of the source document all occur in
the reformulation. Indeed, as keyphrases repre-
sent the key aspects of a document, notions that
they carry should not be lost in the reformulation.
Occurrences of present keyphrases of the source
document are either full matches (i.e. they are
still present keyphrases) or have all their consti-
tutive words in the text but not in a contiguous
sequence(i.e. they are ‘reordered’ keyphrases
according to the PRMU keyphrase classification
paradigm (Boudin and Gallina, 2021)) Another cri-
teria that could affect reformulation quality is the

variation in word count. Having a reformulation
that is too short may be a sign of information loss
whereas a longer one may be synonym of noise
introduction. Therefore we only keep reformula-
tions for which the word count is within 10 % of the
original text’s.

To create our reformulation pairs, we employ
the Inspec dataset (Hulth, 2003). This dataset in-
cludes 500 bibliographic records with keyphrases
assigned by professional indexers. As docu-
ments in this dataset are assigned a high num-
ber of keyphrases (around 10 per document) and
that most of them (79% on average) are present
keyphrases, we think that this will result with only
high quality reformulations after filtering.

Back-translation and paraphrasing give us 1 000
reformulated documents. After applying our fil-
ters, we obtain 280 reformulations that meet our
quality criteria (170 from back-translation and 110
from paraphrasing). Those synthetic documents
have 68.2% of Hooper’s CP score which means
that a perfectly homogeneous keyphrase extrac-
tion model can only reach 68.2% of Hooper’s CP
score, while a perfectly homogeneous keyphrase
generation model should get the Hooper score of
100%.

Our last checking of reformulation quality is about
diversity. As the synthetic documents are obtained
through reformulation, we check that they suffi-
ciently varied in forms. For that we use two met-
rics, the word error rate (WER) and ROUGE-1.
The word error rate is a metric mainly employed
in speech to text and is an adaptation of the Lev-
enshtein distance which measures the amount ac-
tions necessary to go from the prediction (here our
reformulation) back to the reference (i.e. the origi-
nal document). This metric does not measure the
amount of information in common between both
texts, but rather the amount of morphological modi-
fications (word order, etc.) that has been applied to
the original document. However, even if the original
text must be modified, we have to make sure that
the information contained in the original text has
been preserved. Even if our filter on the preser-
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vation of present keyphrases already focuses on
that, all the information may not be contained in
present keyphrases. Therefore we use ROUGE-1
which will compute the recall of the words from the
original document in the reformulation. We can say
that this metric measures how similar the vocabu-
laries of both documents are. A good reformulation
should then have both high WER and high ROUGE-
1 scores.

On average, the reformulations have a WER of
45 % and a ROUGE-1 score of 66 %. The WER
score means that on average, a bit less than half the
words from the original documents have either been
deleted, moved or substituted for another word. Yet,
the ROUGE-1 score shows that on average, two
thirds of the vocabulary of the original document
is preserved. Those scores paired with our quality
filters show that even if there has been a significant
amount of modifications, most of the information
from the original document has been preserved.

3.3.2. Pairs from shared keyphrases

One limitation of evaluating with reformulations is
that the quality of the evaluation process is utterly
reliant on the quality of the reformulation. One
alternative is to obtain evaluation pairs selected
from the set of source texts. To solve this issue we
leverage shared keyphrases among documents to
measure their similarity (Houbre et al., 2025). As
keyphrases illustrate the main concepts of a docu-
ment, we consider that the more keyphrases two
documents share, the more semantically similar
they are.

sim =
|A ∩B|

max(card(A), card(B))
(1)

Houbre et al. (2025) measured the similarity of
documents as represented in Equation 1 where A
and B are keyphrase sequences. In their work, the
minimum similarity value was fixed to 60 %. As
the Jaccard index is already close to that definition
(i.e. with the intersection of A and B rather than the
maximum of cardinal), we employ the Jaccard index
at the keyphrase level to measure the similarity
between document pairs.

The low amount of documents from the Inspec
test set does not allow us to apply this method on
it. Indeed, even with a similarity value as low as
20%, we only get 16 document pairs. To tackle
this issue, we build our document pairs on the test
set of KP20k which has 20 000 documents. With
this dataset and a constraint of a minimum similar-
ity value of 50%, we obtain 145 evaluation pairs
from 225 unique documents. This means that an
homogeneous keyphrase prediction model should
display a Hooper’s CP of at least 50%.

We see in Table 1 that contrarily to the evalu-
ation pairs made from reformulations, the pairs

obtained from shared keyphrases have a slight
majority of absent keyphrases; from those absent
keyphrases, unseen keyphrases i.e. with none of
their constitutive words in the source text, are the
most represented. These statistics suggest that
on this dataset, keyphrase generation models with
good performances on absent keyphrases should
be challenging.

4. Results and analysis

The results for both scenarios are detailed in Ta-
bles 2 and 3. For Table 2, we also add the Spear-
man correlation coefficient between the Hooper’s
CP and the ROUGE-1 score between a docu-
ment and its reformulation. The goal is to verify
if keyphrase generation models are less sensitive
to variation between texts than keyphrase extrac-
tion models.

4.1. Results on the pairs from
reformulations

One of the first result is that keyphrase predic-
tion models are not homogeneous. Indeed, TGRF,
which is the best performing model, only has a
Hooper’s score of 57.6 % on the pairs from the
Inspec evaluation set. This means that even for the
best performing model, only slightly more than half
of the predicted keyphrases for a document pair
are the same.

To check if the models that generate the most
absent keyphrases are the most homogeneous,
we add the proportion of absent keyphrases gen-
erated for each model. We remark that the best
performing generative model (TGRF) is actually
the one that generates the least amount of absent
keyphrases. This suggests that contrarily to our
hypothesis, generative capabilities do not neces-
sarily mean better homogeneity. This suggestion
is strengthened by two other observations. Firstly,
the model with the worst homogeneity score of
29.6 (One2Set) is the model the second highest
proportion of absent keyphrases (40.2%), close
behind the score of its version with data augmenta-
tion One2Set-60p (41.1%) . Secondly, we see that
TF-IDF, the best performing keyphrase extraction
method, ranks second on homogeneity scores, out-
performing 7 of the 8 keyphrase generation meth-
ods. MultipartiteRank also outperforms the major-
ity of keyphrase generation methods (5 out of 8).
Those results contradict our main hypothesis as
generative models are shown to be less homoge-
neous than extractive methods.

This tendency trend appears also among mod-
els with the same architecture. TG-Net and TGRF
share the same architecture but with a different
training loss. Yet, TG-Net which generates more ab-
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Model CP Hooper CP Rodgers % Gen. Cor. ROUGE
CopyRNN 46,2 63,4 28,2 0,12⋆

CorrRNN 49,0 64,9 28,8 0,18⋆

TG-Net 45,7 62,6 28,0 0,09

ge
n.

TGRF 57,6 69,0 11,7 0,26⋆

BART 37,9 56,3 26,6 0,20⋆

BART-60p 37,3 55,1 26,1 0,22⋆

One2Set 29,6 48,8 40,2 0,24⋆

One2Set-60p 48,2 61,4 41,1 0,37⋆

ex
t. MultipartiteRank 46,4 61,2 0 0,40⋆

TF-IDF 49,3 62,2 0 0,48⋆

Table 2: Homogeneity scores on pairs using reformulations on the Inspec test set. Top part concerns
keyphrase generation models while the bottom part concerns keyphrase extraction methods. The % Gen.
column refers to the proportion of keyphrases being generated by the model rather than extracted. The
Cor. ROUGE column corresponds to the Pearson correlation factor between the Hooper’s CP score and
the ROUGE-1 between the documents in each evaluation pair.

sent keyphrases than TGRF (28% against 11.7%)
on our examples, has much lower homogeneity
scores with a Hooper’s CP of 45.7% when TGRF
has 57.6%. BART architecture shows similar be-
haviour. Even if the base model and the one
trained with the self-compositional data augmen-
tation method have similar absent keyphrase gen-
eration rates (26.6 % against 26.1 %), the latter
has slightly lower similarity scores (37.3 against
37.9 in Hooper’s CP). But as mentioned by Houbre
et al. (2025), the data augmentation method re-
sulted in overall improved performance on absent
keyphrases. These results suggest that the gener-
ation of absent keyphrases has a negative impact
on homogeneity.

To verify if the amount of modifications in the re-
formulations are correlated with the homogeneity
(or the lack thereof), we add to Table 2 the Pearson
correlation factor between the homogeneity score
and the ROUGE-1 between the source document
and its reformulation. The values of this column
show that for most models, there is a slight positive
correlation between the ROUGE-1 of an original
document and its reformulation and the homogene-
ity score of the model. Without surprises, extractive
models are the most sensitive to lexical variations
between two versions of a text. However, for almost
all the generative models, the correlation coefficient
is weak (inferior to 0.3). Meaning that we cannot
consider the variations from the reformulation as
the only cause for the low homogeneity scores.

One hypothesis for the lower homogeneity
scores for generative model is that their wide vocab-
ulary may deteriorate homogeneity. Indeed, with ex-
tractive methods, the vocabulary is contained within
the source text which for bibliographic records, is
only several hundreds of words long. With genera-
tive models, they generate keyphrases by attribut-
ing a probability distribution on their vocabulary

which is most of the time composed of several tens
of thousands of words or tokens (Meng et al., 2017;
Lewis et al., 2020; Ye et al., 2021). Generating
keyphrase with a wide vocabulary in a free index-
ing setting may therefore introduce variability in the
generation which then has a negative impact on
homogeneity.

The only exception to that tendency seems to
be the One2Set-60p architecture. As showed in
Table 2, even if the One2Set-60p model has the
highest absent keyphrase generation rate (41.1%),
it ranks fourth on Hooper’s CP with 48.2%. Also,
even if its generation rate is analogue to One2Set
(41.1% against 40.2%), One2Set is actually the
worst performing model with 29.6% of Hooper’s CP.
Our hypothesis for this difference in behaviour com-
pared to other generation models lies in One2Set’s
training paradigm. When training the model to gen-
erate a set of independent keyphrases, Ye et al.
(2021) operates a bipartite pairing between the pre-
dictions and the reference. The model then learns
the link between predictions and reference twice:
first with the bipartite pairing and another time with
the loss function. As the synthetic documents from
the augmentation method are obtained from combi-
nations of documents from the original training set,
they may have improved the bipartite pairing, hence
improving homogeneity. Another possibility is that
the data augmentation method have strengthened
the relation between a context and a keyphrase,
making the augmented model more homogeneous.
This could explain why the augmented model has
the highest correlation of 0.37 between ROUGE-1
and homogeneity score amongst generative ap-
proaches.
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Model CP Hooper CP Rodgers
CopyRNN 12,5 20,3
CorrRNN 12,0 18,6
TG-Net 13,8 20,7

ge
n.

TGRF 11,7 16,6
BART 10,4 19,4
BART-60p 14,0 21,4
One2Set 14,1 22,4
One2Set-60p 16,5 22,5

ex
t. MultipartiteRank 7,2 13,5

TF-IDF 6,3 10,3

Table 3: Results on the pairs from KP20k with a
Hooper’s CP ≥ 50 %.

4.2. Results on pairs with shared
keyphrases

The results on the pairs from shared keyphrases
are displayed in Table 3. The first result is that the
keyphrases extraction models, TF-IDF and Multi-
partiteRank, are the worst performing approaches.

The second result is that on the contrary of the
results in the precedent section, models with more
generative behaviours are shown to have better
homogeneity scores. Indeed, the Hooper’s score
for BART-60p is 34.6% better (+3.6 points) than the
base BART model. The tendency is also observed
for the One2Set architecture (+17%) and the Title
guided models TGRF and TG-Net (+17.9% for the
latter). One this test set, these results corroborate
our hypothesis that generative models aught to
be more homogeneous than keyphrase extraction
models.

4.3. Different reference sets, different
results

The two test sets that this work provides have dif-
ferent features which allows to evaluate different
aspects of homogeneity for keyphrase prediction
models. On one hand the reformulation pairs have
a clear majority of present keyphrases and, through
our filtering heuristics, have a significant lexical
overlap (66% Of ROUGE-1 on average). This set
evaluates the homogeneity of keyphrase prediction
models on lexically similar texts, which may give
an edge to extraction models. On the other hand,
the pairs from shared keyphrases have a slight
majority of absent keyphrases, with most of them
being keyphrases with some or all of their constitu-
tive keyphrases not in the source text (i.e. ‘mixed‘
and ‘unseen‘ keyphrases according to the PRMU
classification paradigm). This test set evaluates
the homogeneity of keyphrase prediction models
on documents sharing notions often not appearing
in the text (i.e. abstractive concepts), giving an

advantage to keyphrase generation models.
As the documents from KP20k are annotated

by the authors, we also think that the document
pairs with shared keyphrases have more generic
keyphrases than the document pairs obtained
from reformulations. Indeed, as authors tend to
focus on potential user queries to choose their
keyphrases (Névéol et al., 2010) they are likely
to sometimes refer to broad topics when profes-
sional indexers focus on specific and discrimina-
tive notions. The link between both documents
would therefore be more implicit than in the refor-
mulation collection where documents share most
of their key notions through present and reordered
keyphrases. When manually looking at a small
amount of random examples, we indeed observe
that many shared keyphrases are very broad such
as "design", "performance" or "algorithms".

To verify if this is a global characteristic, we
compute the document frequency of each shared
keyphrases among our document pairs as well as
their length. We first consider that if a keyphrase
is generic, it may be assigned to a large number
of documents. Then, we make the hypothesis that
the longer a keyphrase is, the more specific it is. If
we take this hypothesis the other way around, then
a shorter keyphrase would be more generic. The
keyphrases in the original test set of KP20k are on
average assigned to 2 documents. When it comes
to the shared keyphrases in our document pairs,
they are assigned to an average of 24 documents,
making them very common keyphrases compared
to the rest of the KP20k collection. The same goes
with the length of the keyphrases. On average, the
keyphrases of the test set of KP20k are 1.9 words
long, but only 1.7 words for the shared keyphrases
in our document pairs. Those results show that the
pairs are made from generic keyphrases.

As generic keyphrases do not bring discrimina-
tive information about a document, the link between
two documents from those pairs can be considered
more implicit and therefore, more difficult to gener-
ate. This may explain why models such as BART-
60p and One2Set-60p that have been trained with
artificial data created with a similar setting are more
homogeneous than their base model.

The results that we have obtained on both test
collections suggest that for two documents treating
the same topics, choosing the best model to obtain
the same keyphrases depends more on how explicit
the link between those two documents is. When
the link is explicit (i.e. there is a significant lexical
overlap between the two documents), a keyphrase
extraction method is at an advantage. However
when the link is more implicit, that the keyphrases
have a broader meaning, a model able to gener-
ate absent keyphrases seems more appropriate.
As it has already been highlighted by Boudin et al.
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(2020), this also suggests that present and absent
keyphrases are somewhat complementary and can
both bring information that can be beneficial to in-
dexing. Therefore, extracting keyphrases first and
using them as an additional context to guide the
generation of absent keyphrases intuitively seems
to be a promising approach to address the lack of
homogeneity of the approaches studied in this work.
These "hybrid" approaches have been explored in
some previous works (Chen et al., 2019a; Ahmad
et al., 2021; Wu et al., 2021). However, they repre-
sent a minority compared to approaches exploiting
generative models for the full prediction.

5. Related Work

This work aims to broaden the coverage of
keyphrase quality properties in automatic evalu-
ation.

5.1. Qualitative analysis of keyphrases
As keyphrases represent the key aspects of a doc-
ument, Firoozeh et al. (2020) focused their work
on defining the notion of "keyness" and discussed
how keyphrase extraction models targeted certain
features to represent that "keyness". The article
presented 10 different properties regrouped in 3 cat-
egories: informational, linguistic and domain based.
Linguistic properties verify that the keyphrases are
linguistically sound and are in a form without in-
flexions. Informational properties are focused on
whether the keyphrases are relevant and specific
enough to be discriminative and cover all the as-
pects of a document without redundancies. Finally,
domain-based properties are to determine if the
keyphrases are selected from the domain’s termi-
nology and are unambiguous. The homogeneity
property is also defined in this last category as it
measures whether a keyphrase extraction method
is consistent in choosing keyphrases for documents
from the same domain. The article also underlines
that many of those properties are still not taken into
account in current evaluations.

5.2. Evaluation of keyphrase prediction
We distinguish two types of evaluations for
keyphrase prediction: intrinsic and extrinsic. In-
trinsic evaluation refers to evaluation considering
keyphrase prediction as an end in itself. When the
evaluation focuses on the impact of the predicted
keyphrases for other tasks, we call it an extrinsic
evaluation.

Intrinsic evaluation Intrinsic evaluation of
keyphrase prediction is mainly focused on perfect
match between the prediction and the reference,

usually after stemming (Turney, 2000; Hulth, 2003;
Meng et al., 2017; Thomas and Vajjala, 2024). The
F-measure is the most employed metric, either
on a fixed number of predictions such as 5 or 10
keyphrases (Chen et al., 2018) or more recently,
with variants adapting to predicted keyphrases
sequences of different lengths (Yuan et al., 2020).
Even with stemming, one drawback of this kind
of evaluation is that is considers as a wrong
prediction, any keyphrase that does not exactly
match the reference keyphrases. For example,
predicting "neural networks" when the reference
keyphrase is "deep neural networks" would be
considered wrong. Some works have therefore
included a more permissive evaluation relying on
partial matching at different levels such as tokens,
ngrams and lemmas (Zesch and Gurevych, 2009).
However as those evaluations are still at the lexical
level, they may fail to account for semantically
equivalent keyphrases that only have slight lexical
overlap or even none at all.

With the use of word embeddings and more gen-
erally encoding models, comparing keyphrases us-
ing semantic distances allows us to measure se-
mantic similarity between keyphrases. KPEval (Wu
et al., 2024) evaluates four different aspects of pre-
dicted keyphrases with this approach: the semantic
similarity with the reference, the lack of redundan-
cies of the predicted keyphrases, their faithfulness
and their "utility" in a extrinsic setup.

The semantic similarity measure first uses
a sentence-transformer model to encode the
keyphrases. Then the cosine similarity is com-
puted between each prediction and each reference
and only the best matches for each are kept. The
paper then introduces SemP, SemR and SemF,
three measures relying on the definition of preci-
sion, recall and f-measure with the aforementioned
best similarity matches. To evaluate the absence
of redundancies, the same metrics are used but
computed on each prediction relatively to the other
predictions from the set. This measures how se-
mantically similar the predictions are.

For the evaluation of faithfulness, KPEval em-
ploys a question answering model where the model
is given a predicted keyphrase and a bibliographic
record and is asked whether the prediction is con-
sistent with the document’s content.

Extrinsic evaluation The main work on extrin-
sic evaluation for keyphrase prediction is Boudin
et al. (2020). They re-indexed documents with
their content augmented with predicted keyphrases
and evaluated a document retrieval model on the
collection with augmented text and the one with-
out. The authors then measured whether adding
keyphrases had a beneficial impact or a negative
impact on document retrieval. Another version of
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this work was presented in Boudin and Gallina
(2021) with a more detailed paradigm on absent
keyphrases: the PRMU classification paradigm.
Those works showed that adding author assigned
keyphrases and keyphrases predicted by a model
could improve document retrieval performances.
When it comes to the distinction between present
and absent keyphrases, the articles showed that
even if present and absent keyphrases had both
something to bring to document retrieval, absent
keyphrases and more specifically keyphrases with
parts completely absent from the source text, had
a more significant impact. Both works were based
on an external scientific collection NTCIR-2 (Kando,
2001). KPEval adapted this approach by applying it
on KP20k and KPTimes test sets. Requests corre-
sponding to only one document each were created
using a large language model and rather than re-
indexing the whole documents, pairs of titles and
predicted keyphrases were used.

6. Conclusion

In this work, we have introduced a method to au-
tomatically evaluate a new property of keyphrase
prediction models: the homogeneity, i.e. the ability
to consistently associate the same keyphrase to
the same topic for different documents. This prop-
erty is crucial to assess the quality of automatic
document indexing and had yet to be evaluated.

We created two collections of similar documents
in the computer science domain, one using refor-
mulations of the original documents with a large
language model and one with associations through
shared keyphrases. Our experiments showed
that when it comes to lexically similar documents,
keyphrase extraction methods are superior to most
of the keyphrase generation models. However,
when the relation between documents is seman-
tic, on a more generic and abstract level, the
ability of generative models to generate absent
keyphrases gives them an advantage over extrac-
tive approaches.

We hope that this work will encourage future
research on keyphrase prediction to widen the eval-
uation of their approach.

7. Limitations

This study focuses on the homogeneity of
keyphrase prediction models on scientific docu-
ments only in the computer science domain. As
more training and evaluation resources are made
available for this task such as press articles (Gal-
lina et al., 2019), biomedical documents (Houbre
et al., 2022) and legal documents (Salaün et al.,
2024), additional experiments on these domains
would have strengthened our results.

Another limitation of our study is that the size of
our evaluation collections is not big enough to allow
us to verify the statistical significance of our results.
Future work on how to enlarge such collections
should be conducted.
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