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Abstract—Keyphrase prediction models are among the natural
language processing (NLP) tasks that have improved their
performance with transformers and large language models
(LLMs). Instead of extracting present keyphrasesin the text, these
models also generate absent keyphrases. This improvement has
led to significant challenges in the evaluation process of these
models, which rely on metrics that compare the predicted
keyphrases with the reference keyphrases. To measure the
performance of these models, several evaluation metrics such as
F1-score, ROUGE-L, and BertScore have been used. However,
they often prioritize lexical similarity over semantic usefulness.
Consequently, the functional usefulness of Kkeyphrases in
document representation is not evaluated during the evaluation
process, which leads to inconsistencies in the evaluation results.
Therefore, in this paper we propose a functional evaluation metric
for Keyphrase prediction models (FEM-KP), a new evaluation
metric that uses a two-track approach where track (A) evaluates
the performance of the model to generate keyphrases capable of
constructing a document summary, while track (B) measures the
ability of these phrases to retrieve the document. We evaluated the
performance of four keyphrase prediction models using current
evaluation metrics and FEM-KP across the Inspec, KP20k, and
Krapivindatasets. The experimental results showed that FEM-KP
is the only evaluation system that maintained a consistent
performance ranking regardless of document length or dataset
complexity. In contrast, other metrics showed inversions in
ranking. These results confirm that FEM-KP is a robust, reliable,
and domain-independent evaluation metric for evaluating the
performance of keyphrase prediction systems.
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I.  INTRODUCTION

Keyphrases prediction is one of the most important tasks in
natural language processing [1]. These phrases provide
descriptive and semantic information that summarizes the
content of documents. Recent studies have demonstrated that
exploiting keyphrases improves the performance of
summarization models by directing them toward the important
topics ofthe text[2]. Also, the exploitation ofkeyphrases in the
retrieval task improves the quality of retrieved snippets and
reduces computational costs [3]. Keyphrases also improve the
accuracy of responses in question-and-answer tasks [4].
Furthermore, digital indexation has been improved by using
keyphrase generation [5].

Keyphrase prediction models (KPM) are typically
evaluated by comparing predicted with referenced keyphrases,
without considering semantic aspects [6]. This evaluation does
not accurately reflect the performance of these models
(KPEVAL). Generative models are more affected by this
problem because they generate the keyphrases rather than
extracting them from the text [7].

To improve the quality of KPM evaluation, some studies,
such as [8], have proposeda framework exploit edit distance,
token matching, and duplication penalty. Also, at [6],a two-
way comparison was conducted between predicted and
reference keyphrases using the BertScore [9]. In contrast, the
KPEVAL framework propose to combine accuracy, variety,
reliability, and reference consistency. However, several
challenges still limit the reliability of the results of these
models, such as the reliance on a set of reference keyphrases to
compare KPM performance that are often self-defined and
influenced by linguistic style. Also, the difficulty to evaluate
the functional performance of the keyphrases generated in the
document representation.

To overcome these challenges, we propose the FEM-KP
metric, a comprehensive metric to evaluate KPM by measuring
the functional utility of these phrases rather than linguistic or
semantic similarity. The importance of FEM-KP lies in
transforming the evaluation process, which focuses on
linguistic or semantic similarity between the predicted and
reference keyphrases, into a deeper semantic evaluation of the
functional quality of these phrases. Our metric adopts two
tracks, the firstevaluates theability of the predected keyphrases
to generate a document summary, while the second evaluates
their ability to retrieve the document.

The content of paper includes, a review of previous studies
that focused on keyphrase prediction models, text
summarization, text retrieval, and sentence embedding
techniques in section 2. The current evaluation methods for
keyphrase prediction models are presented in section 3,
including evaluation metrics, evaluation datasets, and
challenges that limit their reliability. Section 4 provides the
proposed FEM-KP metric, its design, and formulation. The
experimental results of FEM-KP performance are presented in
Section 5. The paper concludes with section 6, which
summarizes our work and identifies future research directions.
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II.  RELATED WORK

To present the mechanisms and techniques that will be
exploited in FEM-KP metric, we have devoted this section to
review the keyphrase prediction models, sentence embedding
techniques, text retrieval techniques, and text summarization
techniques.

A. Keyphrase Prediction Models

Keyphrases are expressions consisting of one or more
words, that serve not only to index but also as semantic
summaries. Keyphrases are exploited in -classification,
clustering, text summarization, and information retrieval [ 10].
Keyphrase models have evolved from extractive models based
on statistical techniques to generative models based on
transformers and large language models (LLMs) [11]. Several
reviews have addressed the development of these models, while
the review in [12] is focused on statistical and graphical
methods, [13] reviewed the improved performance using deep
learning to generate keyphrases.

In contrast,otherstudies,such as [14], focused on reviewing
the latest methods that use pre-trained models suchas SBERT
and RoberTa for keyphrase extraction, and how these models
improved extraction results compared to previous methods. In
[15], the comparison between extraction and generation
mechanism, and the advantages and disadvantages of statistical
methods and deep learning methods to extract and generate
keyphrases were identified. Furthermore, [16] demonstrated
how sentence embeddings can be used to improve contextual
extraction performance. Also, [17] reviewed the integration of
extraction and generation mechanisms in keyword prediction,
proposing a classification of models based on pre-trained
models, as well as semi-supervised and unsupervised
approaches. In contrast, [ 18] analyzes the performance of LLM
models to extract keyphrases and presents a comparison
between Llama3, GPT-40 and other large language models.

B. Text Semantic Representation

With their crucial role in many NLP tasks, text embedding
models have garnered increasing attention from researchers,
particularly with the emergence of Large Language Models
(LLMs) [19]. Text embedding began with models that
represented each word individually, such as Word2Vec, which
learned word representations from their contexts. Later, GloVe
(Global Vectors) exploit also comprehensive word frequency
statistics to improve the performance of embedding. However,
the challenge of representing words according to their meaning
within a sentence remained until the emergence of ELMo as a
model based on bidirectional LSTM networks to produce
contextual representations based on word meaning within a
sentence.

The advent of transformers revolutionized text embedding,
with the emergence of the BERT (Bidirectional Coder
Representations of Transformers) model, which uses
transformer architecture to create deep, and contextual
embeddings of words and sentences. This model was further
enhanced at the sentence and paragraph by the SBERT model.
Multilingual models like LaBSE, which produces comparable
embeddings across different languages, have also been
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developed, proving very useful for multilingual retrieval.
Furthermore, the challenge of long documents has led to the
emergence of models that represent long documents, such as
Dense Passage Retrieval (DPR), which uses BERT-like models
to embed long documents. ColBERTV2 also produces efficient
embeds by layering the representation to enhance semantic
differentiation. In contrast, the emergence of Large Language
Models (LLMs) such as GPT4 and LLaMA has contributed to
the production of text embeds that exhibit a greater ability to
capture semantic relationships, both in retrieval and text
generation. OpenAl Embeddings relies on LLM models to
generate vectors used in semantic retrieval, Q&A, and
classification.

The open-source LLaMA Embeddings is also used to create
embeds with greater context and a high capacity for
representing long texts. Fig. 1 presents the evolution of text
embedding models.
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Fig. 1.  Evolution of text embedding models.

C. Text Summarization Models

Text summarization tasks have evolved through several
approaches. Extractive summarization, which relies on features
such as word frequency, position, and similarity metrics, was
the first method used text summarization [20]. Graph
algorithms such as TextRank and LexRank [21] were also
exploited to model the relationships between sentences. With
the advent of neural models, particularly RNN/LSTM,
abstractive summarization emerged, which focused on
paraphrasing the text rather than extracting [22], [23]. The
ability of transformers, such as BERT [24] and BART [25], to
provide deep contextual understanding and generate texts has
also contributed to improving the text summarization task.
Large language models (LLMs) suchas GPT-3 and GPT-4 have
also enhanced text summarization performance [26]. Several
reviews have focused on the text summarization task. The
impact of large language models on summary coherence in
zero-based training environments was studied in [27]. The use
of LLMs in the specialize contexts, such as the medical or
scientific fields, was also discussed in the studies [28] and [29].
These studies confirmed the significantimpact of LLMs on text
summarization task.

D. Text Retrieval Models

Text retrieval models are classified into several categories.
The first is lexical and statistical matching, which relies on
term-frequency-inverse document frequency (TF-IDF) to sort
documents, such as BM25 [30], which sorts text based on
keyphrases. There is also the category of dense retrieval, which
uses transforms to representtext in a vectorspace, such as the
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DPR (Dense Passage Retrieval) model [31], which exploits bi-
encoder to represent the query and the document separately.
Also, a hybrid and multi-vector late interaction models, which
combine the efficiency of dense retrieval models with the
accuracy of lexical retrieval, such as the ColBERT
(Contextualized Late Interaction over BERT) model [32],
which is more accurate in capturing fine-grained textual details.

Large language models have also contributed to improved
retrieval task. Large Language Model-Augmented Retrieval
(LLM-Augmented Retrieval), which focuses onusing LLMs to
generate hypothetical documents or optimize queries beforethe
retrieval process, such as HyDE (Hypothetical Document
Embeddings) model [33]. This model generates a hypothetical
text from the query and then searches for similar documents. In
general, studies indicate that retrieval applications rely on pre-
trained embeddings and neural structures to provide more
accurate semantic matching [34] and [35], which supports the
hypothesis that a keyphrase is a condensed summary from
which the original document can be retrieved and
reconstructed.

Word embedding models (Word2Vec, GloVe) are
considered the first step towards text embedding, followed by
the emergence of contextual models (ELMo, BERT), which
evolved into sentence and paragraph embedding models
(SBERT, LaBSE), then expanded further to contextual retrieval
models (DPR, ColBERTv2), and finally to LLM-based
embeddings, which are related to the higher text representation
capabilities of multiple NLP tasks.

III. KEYPHRASE EVALUATION PARADIGMS

In recent years, most keyphrase prediction models have
adopted a generation mechanism, which has complicated the
task of evaluating these models. Most current evaluation
metrics rely on lexical matching, which lacks the ability to
measure semantic meaning. In this context, this section will
provide a review of current evaluation metrics, from statistical
to embedding metrics, to highlight the research gap represented
by the absence of a standardized metric that combines the
precision with the contextual and functional significance of
predicted keyphrase.

A. Lexical Evaluation Metrics

Lexical metrics are the most commonly used to evaluate
keyphrase prediction models. These metrics calculate the exact
match between the keyphrases predicted by the model (KP) and
the reference keyphrases (RP).

1) Precision, recall, and fl-measure metrics: Precision,
Recall, and Fl-measure are used to evaluate keyphrase
prediction modelsbased on exact matching. Precisionmeasures
the accuracy of predictions, by calculating the proportion of
correct phrases extracted from the total identified by the model.
It also indicates the model's ability to exclude irrelevant
phrases. Recall measures the coverage of reference phrases, by
calculating the model's ability to retrieve all reference
keyphrases. F1-measure measures the harmonic mean between
precision andrecall, to achieve a balance between the coverage
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and the accuracy. Table I presents the mathematical definitions
of Precision, Recall, and F1-measure metrics.

TABLEI. MATHEMATICAL FORMULA OF PRECISION, RECALL, AND F1-
MEASURE METRICS
Metric Mathematical Formula
.. tl dicted keyph
Precision corrael(l: ypr.e icted keyphrases (1)
predicted keyphrases
t] dicted keyph
e )
yphrases
P isi R 1
Fl-measure 2 x IECSnXReCaL 3y
Precision+Recall

Although the precision, recall, and F1-Measure metrics
provide a lexical evaluation of key phrase prediction
performance, they rely on exact matching between the
predicted and reference keyphrases. However, lexical
interference at the n-gram and sequences, which results in
partial matching between phrases, is the most significant
challenge for these metrics.

2) ROUGE metric: The ROUGE (Recall-Oriented
Understudy for Gisting Evaluation) metric, primarily used to
evaluate text summarization models. This metric has been
adapted to evaluate keyphrase prediction by treating each
predicted keyphrase and reference keyphrase as a sequence of
tokens. ROUGE calculates a lexical overlap between predicted
keyphrases and reference keyphrases. REUGE is used in
various forms. The most commonly used variants are:

ROUGE-N: measures the overlap of n-grams. For example,
ROUGE-1 evaluates unigram overlap, and ROUGE-2 evaluates
bigram overlap. ROUGE-N is calculated using formula 4.

ROUGE — N =
ZgramneRef min (Countpred(gramn),Countref(gramn))/4)
2gramnERef Countref(gramn)) *

where:

e Ref: Set of reference keyphrases.
e Pred: set of predicted keyphrases.
e gram,: n-gram token sequence.

e County,,q(.): Occurrences of the n-gram in predicted
keyphrases.

e Count,.r(.): Occurrences of the n-gram in reference
keyphrases.

ROUGE-L: Unlike ROUGE-N,ROUGE-L relies to find the
Longest Common Subsequence (LCS) that appear in both the
predicted keyphrase and the reference keyphrase. ROUGE-L is
calculated using LCS-based decision and recall metrics by
formulas 5, 6 and 7.

__ LCS(PKRK)

Precision; s = x| %)
LCS(PK,RK)
Recalchs = T (6)

2 ..
ROUGE — LLCS — (1+p“)xPrecision csXRecally cg (7)

Recally cs+B% X Precision; cg
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where:
e RK:reference keyphrases
e PK: predicted keyphrases

e LCS(PK, RK): length of the longest common
subsequence between PK and RK.

e |RK] : total number of tokens in reference keyphrases
e |PK] : total number of tokens in predicted keyphrases

e [ :Aparameterusedto setthe priority between precision
and recall (typically f=1).

While lexical metrics facilitate the evaluation process, they
disregard the expected order and importance of keyphrases in
the document. This limitation has spurred the use rank-based
metrics such as MRR, NDCG, and MAP, which consider the
position and importance of the keyphrase.

B. Rank-Based Evaluation Metrics

To overcome the challenges of lexical evaluation, rank-
based metrics consider the rinking of predicted keyphrases,
where top-ranked candidates are of primary interest. Mean
Reciprocal Rank (MRR) is a simple metric that focuses on the
rank of the first keyphrase predicted rank; across a set of N
documents. MRR is calculated by formula 8.

MRR = —yINl 2

|N| rankl-

®)

MRR ignores the rank of other keyphrases is a challenge
that limits its ability to evaluate multiple keyphrases. To
address this challenge, Mean Average Precision (MAP) metric
calculates the average precision for each position where
keyphrase occurs. Formula 9 is used to calculate the MAP
metric.

MAP = LEINI (

IN|

SIAPG) X el (D) (9)

where K; isthe set ofreference keyphrases, mis the number
of predicted key phrases, P;(j) denotes precision at rank k, and
rel;(j) is a relevance indicator, is 1 if the predicted keyphrase
at rank k is relevant, and 0 otherwise.

Kl

MAP metric treats all keyphrases with the same weight,
regardless of their importance in the document. To overcome
this challenge, the Normalized Discounted Cumulative Gain
(NDCG) metric, uses the logarithmic discount, where the
importance of the keyphrase decreases as its position in the list
decreases. Formula 10 is used to calculate the NDCG metric.
vk 2reli-g

i=1log,(i+1)
NDCGy = —zlrill ; (10)
i=1log,(i+1)

where:
e k: The number of top predicted keyphrases.
e i: The rank position in the predicted list.

e rel;: The relevance score of the keyphrase at rank i in
the predicted ranking,.
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e [rel;: the relevance score of the keyphrase at rank i in
the ideal ranking.

e log,(i+ 1): logarithmic discount factor.

Lexical and rank-based evaluation metrics often overlook
the semantic comparison of keyphrases. This challenge
becomes even more pronounced with absentkeyphrases, which
may be more semantically accurate but differ literally from the
reference keyphrases. Therefore, the study of semantic metrics
is essential.

C. Semantic Similarity Metrics

Semantic similarity metrics represent the second generation
of evaluation metrics, developed to overcome the limitations of
lexical and rank-based metrics. Semantic similarity metrics
represente predicted and reference keyphrases in a semantic
space using pre-trained models such as BERT, RoBERTa, and
Sentence-BERT, where the similarity between phrases is
measured based on their semantic context. Prediction precision
is calculated using cosine similarity provided by Formula 11.

e(PK).e(RK)

lle(PK)lllle (RK) | an

where e(+) is contextual embedding of a phrase obtained
from a pretrained language model. Although this metric
achieves semantic comparison, its effectiveness in keyphrase
evaluation is limited because it compares the similarity of the
phraseas a single unit, while lacking the ability to understand
the word-for-word relationship between the prediction and the
reference. To overcome this challenge, the BERTScore was
proposed, which relies on contextual embedding that change
depending on the word's position in the phrase. Instead to
measure the cosine similarity between phrase vectors, the
BERTScore aligns each token in the predicted phrase with the
most semantically similar token in the reference keyphrase
based on their context, thus preserving the value of each token
in the keyphrase. To calculate BERTScore, precision and recall
are first calculated by formulas 12 and 13.

Sim(PK,RK) =

Precisiongggr = IPKIZ”)K'max cos (e(xy), e(y])) (12)
Recallggpr = K Z'RKl max cos (e(y]) e(x)) (13)
where:

e ¢(+): The contextual embeddingofatoken obtained from
BERT model
e cos(+): cosine similarity

e PK: Predicted keyphrase of tokens {x;,... X;, ...X|pg|}

* RK: Reference keyphrase of tokens {y;, ... ¥;,...¥|rx|}

To calculate BERTScore, Precisiongggr and Recall ggpr
combined using the harmonic mean via formula 14.

PrecisiongggrrXxRecallggrr

BERTScore = 2 X

(14)

Instead of combining the words of a phrase into a single
vector, BERTScore compares them word by word. Therefore,
it addresses the problem of variations in phrase lengths. Also,

Precisiongggrr+Recallggrr
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BERTScore evaluates semantic overlap, making it robust to
paraphrasing in generative keyphrase prediction. In contrast,
the precision of BERTScore is affected by the quality and
comprehensiveness of the Gold Standard identified by human
experts.

D. Human Reference Challenge

Manual identification keyphrases is a subjective cognitive
task, where different keyphrases are selected for the same
document based on the expert's background knowledge. The
study [36], confirms that the manual selection of keyphrases is
highly subjective. This makes relying on a single human
reference limit the evaluation precision [12]. Fig. 2 illustrates
the divergence between the keyphrases selected by author,
Expert 1, and Expert 2.

Author

Author & Expert 1
Partial Agreement

Agreed
by All

Shared
Keyphrases

Bl Author Only

Bl Expert 1 Only =

Fig.2. The divergence of reference keyphrases selection.

The central intersection represents the keyphrases agreed by
everyone. Overlapping areas indicate partial agreement
between two of them, while divergence areas represent
keyphrases chosen by each independently. This representation
highlights the inconsistency on gold standards to select
keyphrases.

The cognitive effort expended in the manual selection,
limits the number of keyphrases selected, this also, impact the
evaluation process. Despite advancements in lexical and
semantic evaluation metrics, the evaluation of keyphrase
prediction models relies on the quality of the reference
keyphrases. This leads to unreliable evaluation, especially in
generative models, where they may generate semantically
relevant keyphrases that are not present in the reference set.

There are several challenges to evaluate keyphrase
prediction models. Current evaluation metrics remained to
compare phrase-to-phrase, whether through exact or semantic
matching. The keyphrases generated often represent a
condensation of entire paragraphs, rather than a corresponding
phrase in a human reference, which is often limited, and
subjective. Therefore, we need a more comprehensive
evaluation process. For this, we propose a new evaluation
metric, instead of comparing predicted keyphrases with limited
reference keyphrases, we compare the overall semantic impact
of these phrases to generate the document summary, thus
freeing the evaluation from limited human reference lists.

Vol. 17, No. 4, 2026
IV. FUNCTIONAL EVALUATION METRIC

A. Motivation for Functional Evaluation

The review of evaluation process for keyphrase prediction
models in the previous section showed several challenges that
limit the reliability of their results. Current evaluation metrics
judge model performance solely by lexical or semantic
matching between reference keyphrases and predicted
keyphrases, neglecting characteristics such as topic coverage,
diversity, and functional performance. Furthermore, they relie
on the list of reference keyphrases, which are subjective and
incomplete. Consequently, the performance of keyphrase
prediction models is measured by human judgment rather than
functional effectiveness, undermining the credibility of the
evaluation process and penalizing models that generate
functionally useful keyphrases but are not present in the
reference list.

Therefore, we propose a Functional Evaluation Metric
(FEF) that evaluates predicted keyphrases as a collective
semantic unit, more independently of the reference list. FEF
evaluates the performance of keyphrase prediction models by
measuring the effectiveness of predicted keyphrases on two
tracks. Abstract reconstruction track and text retrieval track,
without relying on reference keyphrases. Therefore, the
evaluation process is based on the functional success of the
predicted keyphrases. We no longer measure whether this
phrase matches the reference, but rather whether this phrase
enables the system to summarize or retrieve the document.

B. Overview of FEM-KP

The Functional Evaluation Metric for KeyPhrase Prediction
(FEM-KP) is a new metric designed to evaluate keyphrase
prediction models based on the functional utility of the
generated keyphrases, ratherthanmeasuringlexical or semantic
similarity. FEM-KP measuresthe functional utility of generated
keyphrases through two functions:

e Summary Reconstruction: This dimension measures the
ability ofkeyphrases to serve as semantic seeds that can
summarize the document and cover its content.

e Retrieval Power: This dimension measures the ability of
keyphrases to identify the document within a large
corpus.

The combinition of these dimensions in FEM-KP provides
a uniform score thatreflects the performance of the keyphrase
prediction model to generate exploitable keyphrases for NLP
applications such as text clustering, information retrieval, and
document summarization.

C. Process of FEM-KP
To evaluate the performance of the keyphrase prediction
model, the evaluation process consists of three main stages:

synthesis, parallel evaluation tasks, and weight fusion. Fig. 3
illustrates how the FEM-KP score is calculated.
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Stage 1: Stage 2: Functional Evaluation Stage 3:

Keyphrase Generation Metric Fusion

SBERT BM25 i
. Mo . — Semantic Score Discriminative we'gh“d"s_core
- a Retrieval Module Aggregation
(e.g. Transformer) : o —
l Comparato | a== Semantic Retrieval
ar - -
Golden Summary WIS =E Seore Sooe
Generated Keyphrases ‘ * l
Semantic Retrieval R
Similarity Score Effectiveness Score Final FEM-KP Score
Fig.3. Process of FEM-KP metric.

In the first stage, we use a transformer-based generator to
combine and synthesize the generated keyphrases KP into a
coherent semantic string SK. To achieve this, we firstuse a pre-
trained generative model such as Text-to-Text Transfer
Transformer (TS) [37] or Bidirectional and Auto-Regressive
Transformers (BART) [25] for keyphrases-to-text conversion
tasks.

To evaluate the ability of keyphrases to perform real tasks,
FEM-KP across two parallel functional tracks. The first is the
summative reconstruction score Sg,..., - In this track, we
measure the semantic distance between the reconstructed
summary SK and the gold summary GS using cosine similarity
in the embedding space.

In contrast, the second track evaluates the ability of key
phrasestorecognize and retrieve the document D within a large
dataset C. Its ability to handle term frequency values and
normalize document length allows BM25 to calculate the
retrieval score, which is anideal metric to evaluate the retrieval
utility of generated keyphrases.

The functional dimensions are combined into a single score
to evaluate the overall quality of the keyphrases. The final
FEM-KP score is calculated by balancing S, and Syes-

D. Mathematical Formulation of FEM-KP Metric

FEM-KP framwork evaluate the quality of a keyphrase by
measuring its functional utility across two NLP tasks. Let D is
the source document, and KP = {P,, P,, ..., P,}is the set of
generated keyphrases from D by a keyphrase prediction model,
and GS is the gold summary of D. The formulation follows a
three-step pipeline:

1) Semantic reconstruction: Semantic reconstruction aims
to generate a summary of the document SK based on
keyphrases. TS achieved a relative improvement in precision,
butits performance is lower than BART in most summarization
scenarios. For this, BART was used as a generative model in
FEM-KP. To obtain the SK summary, we use the formula 15.

SK = arg max pg(s|Serialize(KP)) (15)
S
where:
e SK: The generated summary.
e pg: The conditional probability modeled by BART

o Serialize(KP): A linearized representation of the KPset.
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e s: A candidate output text sequence generated by the
BART decoder.

The generate summary SK obtained from BART is
represented using a Sentence-BERT [38]. The vector obtained
serves as a semantic fingerprint for the generated keyphrases.

The first Track Functional Evaluation, is the ability of
keyphrases to generate a document summary. In this track, we
measure the semantic distance Sg,,,,,,, 0 Vector space between
the generate summary SK and the gold summary GS. To
calculate semantic similarity, the SK and GS are converted into
semantically vectors using SBERT model in formula 16.

{Vk = Pooling(Transformery (SK)) (16)

V, = Pooling(Transformer, (GS))
Ssumm 18 calculated using cosine similarity in formula 17.

n
s _ X Vki - Vg

L=kl gl 17
summ ’Z?ﬂ"in E?=1v§l.i 0

We used KP20k [39], Inspec [40], and Krapivin [41] as
benchmark datasets for comparison. Their features and the
reasons for their selection will be explained in the evaluation
section.

2) Retrieval rank: The second track evaluates the ability of
keyphrases to identify the source document D from a large set
of documents C. To calculate the retrieval score, we use the
BM2S5 probabilistic model, which improves the traditional TF-
IDF model by incorporating term frequency saturation and
document length normalization. Formula 18 calculates the
document retrieval rank D, using the keyphrases set K.

Rank (D) = ZpEKIDF(p)' DT (18)

'Avg(C))

fr(p,D).(n+1)
fr(p,D)+n.(1-a+a

where:

e [DF(p): TheInverse Document Frequency of keyphrase
p.

e fr(p,D) : The frequency of keyphrase p within
document D.

e |D|: The length of the D.

e Avg(C): The average document length across the
corpus C.

e n: A hyperparameter to control the term frequency
saturation. (Typically, between 1.2 and 2).

e a: A scaling factor for document length normalization.
(typically, a =0.75).

It is difficult to combine the rank as score with the
Ssumm Score (values between 0 and 1) in a single equation, for
this normmalization is necessary. The S, score is calculated
as the reciprocal rank. The retrieval score is calculate using
formula 19.

1 .
Rank, (D) <
Sret = {RankK(D)' if RankK(D) <100 (19)

0, otherwise
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The retrieval function score approaches zero if the
keyphrases fail to rank the document amongthe top 100 results.
This significantly speeds up the evaluation process, especially
in datasets containing thousands of documents.

The functional dimension scores are combined into a single
score to evaluate the overall performance of keyphrases. The
FEM-KP score is calculated by balancing the sum of the
Seumm and S, . This allows to adjust the score based on
application priority, where a higher § Hyperparameter is used
for summarization tasks, and a higher § Hyperparameters for
search optimization or indexation tasks. The final FEM-KP
score was calculated using the formula 20.

FEF —KP = ﬁ'Ssummary + 6. Sretrieval (20)

B and §: Hyperparameters that are controlled according to
the nature of the task, often § +6 = 1.

This formula includes the effectiveness evaluation of the
generated keyphrases, especially in the semantic representation
of the document, and retrieval tasks.

E. Advantages and Limitations

Instead of the lexical or semantic matching used by current
evaluation metrics, the FEM-KP metric adopts functional
evaluation, which measures the effectiveness of keyphrases by
their application in NLP tasks. The FEM-KP metric is
characterized by its flexibility in adjusting the values of the
hyperparameters B and y, which allowed for the selection of the
most suitable model for each task. Also, using the BM25
algorithm, the keyphrase prediction model could not achieve a
high score when generating a large number of general
keyphrases.
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Despite these advantages, the quality of the reference
summaries used may affect the reliability of the performance.
Furthermore, they may notalways be available. Also,usingpre-
trained language models and retrieval algorithms increases the
computational cost of FEM-KP compared to simple lexical
metrics. Also, the sensitivity of the parameters requires careful
selection of B and y values to avoid biased results

V. EXPERIMENTAL SETUP AND RESULTS

This section details the implementation procedures and
evaluation protocol for FEM-KP, including evaluation datasets
and keyphrase prediction models. This section aims to ensure a
comprehensive evaluation that allows for comparison of FEM-
KP with current evaluation metrics.

A. Experimental Setup

1) Evaluation protocol: The evaluation protocol involves
comparing the performance of key phrase prediction models
using various evaluation metrics, including functional
effectiveness. This comparison is achieved by calculating the
BERTScore, ROUGE, and F1Measure scores for each model
and comparing them to the FEM-KP scores for each model.

2) Evaluation datasets: To evaluate the FEM-KP, we rely
on three reference evaluation datasets. The KP20k dataset
comprises scientific abstracts from multiple disciplines. Each
document has keyphrases defined by author. The size and
diversity of KP20k content make it suitable for comparisons
between different evaluation metrics. The second dataset, is
Inspec. It smaller but more carefully curated and contains
scientific abstracts. these datasets have been widely used in
previous studies, makingthem suitable for comparingthe FEM-
KP with exact-match and semantic-based evaluation metrics.

TABLE II. COMPARISON OF THE DATASETS USED FOR FEM-KP EVALUATION
Dataset Domain # Test Documents Avg. Text Length Keyphrase Types
KP20k Scientific Abstracts 20,000 180 words Present & Absent
Inspec Scientific Abstracts 500 135 words Present & Absent
Krapivin Scientific Papers 2300 8000 words Present & Absent

To evaluate FEM-KP in long documents and complex
retrieval scenarios, we exploited the Krapivin dataset, which
includes scientific papers. Table II presents the features of
KP20k and Inspec datasets.

3) Keyphrase prediction models: For a comprehensive
comparison of the evaluation metrics, TextRank was adopted
as anunsupervised, graph-based model that extracts keyphrases
fromthe word-to-word structure within the text. Copy RNN was
adopted as a supervised, recurrent neural network model that
utilizes a copy mechanism to generate present and absent
keyphrases in the text. Additionally, BART-based Keyphrase
Generator and T5-based Keyphrase Generator were adopted,

leveraging of pre-trained generative models to produce high-
quality, sequential keyphrases. The diversity of models
including unsupervised, supervised, and generative models,
allows to evaluate FEM-KP in different scenarios. These
models represent the evolution of keyphrase prediction task.
Table Il provides acomprehensive analysis of each model type
and the rationale for its selection.

To highlight the performance of FEM-KP across different
datasets for the four models and compare it to the F1-Score,
ROUGE-L and BERTScore metrics. Fig. 4 summarizes the
different stages of experimental evaluation.
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Model

Model Type

Output

Reason

TextRank [42]

Unsupervised, Graph-based

Extractive keyphrases

An unsupervised model to extract keyphrase.

. Extractive and generative | A neuralnetwork modelto generate present and
CopyRNN [39] Supervised, Neural Seq2Seq keyphrases absent keyphrases.
BART-based Keyphrase Transformer-based Generative keyphrases Abst'ragtlve model used for keyphrases
Generator [25] prediction.
T5- Keyph . A ic f £ ion. Widel i
>-based CYPATASE | g nsformer-based (Text-to-Text) Generative keyphrases metrie o.rtexttrans ormation. Widely used in
Generator [37] recent studies to generate keyphrases.

Conventional Metrics
* Exact Match F1

!« ROUGE
* BERTScore

Predicted
Keyphrase Sets

Benchmark
Datasets

‘;‘“ e E TextRank
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:U Krapivin ar-

FEF-KP Functional Evaluation
=] Semantic Consistency

'Q summary Generation
vs. Reference Summary

¥ Retrieval Effectiveness

=| Document Retrieval using K

Fig.4. The stages of experimental evaluation

We will present, analyze and discuss the evaluation results
in the following part.

B. Evaluation Results

1) Sample size: To ensure the reliability of comparisons
between the four models and the metrics used, samples were
selected from the KP20k, Inspec, and Krapivin datasets. Table
IV shows the sample size used for each dataset.

TABLEIV. THE SAMPLE SIZE USED IN EVALUATION
Dataset Sample Size Avg. Document Length
Inspec 500 Short (~120 words)
KP20k 2,000 Medium (~180 words)
Krapivin 400 Long (~8,000+ words)

To reduce computational costs and achieve a high level of
reliability, 2,000 documents were selected from the KP20k
dataset,and we used all documents fromthe Inspecdataset. 400
research papers were selected from the Krapivin dataset to
evaluate the effectiveness retrieval of the FEM-KP in longer
documents.

2) Consistency of performance ranking: The consistent
ranking of models across diverse datasets is a prerequisite for
any evaluation. The reliability of an evaluation metric is
measured by its ability to rank model performance across
diverse datasets. Despite the complexity of the dataset or the
length of the document, the relative ranking of models should
remain constant. In this part, we analyze the robustness of the
FEM-KP metric by comparing its ranking stability for key
phrase prediction models with the F1-Score, ROUGE-L, and
BERTScore metrics. Our analysis aims to demonstrate that
FEM-KP has a unique ability to identify the most effective

model even as data complexity increases, whereas other
measures are susceptible to ranking inversions and contextual
noise. Table V presents the performance of the four keyphrases
prediction in the Inspec dataset representing short texts.

TABLE V. THE PERFORMANCE OF THE FOUR KEYPHRASES PREDICTION
IN THE INSPEC DATASET
Model F1-Score ROUGE-L | BERTScore FEM-KP
TextRank (4)0.215 (4)0.312 (4)0.721 (4)0.584
CopyRNN (3)0.248 (3)0.345 (3)0.765 (3)0.642
T5-based (2)0.278 (2)0.372 (2)0.835 (2)0.775
BART-based | (1)0.285 (1)0.380 (1)0.842 (1)0.791

The texts in Inspec are short summaries, for this, the
potential error across all metrics is reduced. Therefore, we
observe consistency across all metrics in ranking model
performance. Conversely, when using the KP20K dataset,
which contains longer summaries comparedto Inspec, the exact
Match metrics began to deviate. F1-Score favored CopyRNN
over T5 and ROUGE-L favored TS5 over BART, while
BERTScore and FEM-KP maintained their rankings. Table VI
presents the performance of the four keyphrases prediction in
the KP20k dataset representing short texts.

TABLE VI.  THE PERFORMANCE OF THE FOUR KEYPHRASES PREDICTION
IN THE KP20K DATASET
Model F1-Score | ROUGE-L | BERTScore | FEM-KP
TextRank (4)0.142 | (4)0.245 (4)0.680 (4)0.510
CopyRNN (2)0.200 | (3)0.290 (3)0.730 (3)0.615
T5-based (3)0.185 | (1) 0.325 (2)0.808 (2)0.732
BART-based | (1)0.210 | (2) 0.318 (1)0.815 (1)0.748

The deviate in the ranking of exact matching metrics is due
to the increasing size and diversity of the data. Additionally,
these metrics are sensitive to the Longest Common String
(LCS). The results also demonstrate that FEM-KP overcomes
this problem through its reconstruction track. The greatest
challenge arises, in Krapivin, as the metric must evaluate the
performance of models in long texts. Table VII presents the
performance of the four keyphrases prediction in the Krapivin
dataset representing long texts.

In Krapivin, a deviate is observed in the F1-Score, where
CopyRNN was favored over T5. This is due to the length of the
texts, which increased the probability of random matches.
Furthermore, the semantic-based BERTScore metric showed
ranking instability within the Krapivin dataset. The length of
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the texts also led to contextual noise resulting from the presence
of irrelevant informations. Therefore, CopyRNN obtiened a
high score by BERTScore because the context was perfectly
matched. In contrast, FEM-KP is the only metric that
maintained the rank (BART > T5 > CopyRNN > TextRank) in
all datasets, proving that it is not fooled by length of the text or
overlapping of phrases, but rather measures functional value.

TABLE VII. THE PERFORMANCE OF THE FOUR KEYPHRASES PREDICTION
IN THE KRAPIVIN DATASET
Model F1-Score ROUGE-L BERTScore FEM-KP
TextRank (4)0.125 (4)0.210 (4)0.655 (4)0.495
CopyRNN (2)0.180 (3)0.265 (2)0.785 (3)0.580
T5-based 3)0.175 (2)0.302 (3)0.782 (2)0.695
BART-based | (1)0.195 (1)0.310 (1)0.790 (1)0.712

3) Discussion of results: Analysis of results from the
Inspec, KP20K, and Krapivn datasets revealed differences
between match evaluation and functional evaluation. While F1-
Score, ROUGE-L, and BERTScore metrics showed deviate
ranking with increasing document complexity and length, with
extractive models like CopyRNN outperforming generative
models. They often rewarded lexical redundancy and
contextual matching at the expense of semantic utility. In
contrast, FEM-KP demonstrated ranking consistency (BART >
T5 > CopyRNN > TextRank) regardless of datasets. This
stability is attributed to the dual-tracks structure of our metric.
The reconstruction track rewards only the keyphrases capable
to generate the document maining, while the retrieval track
rewards those capable to retrieve the document. The FEM-KP
result proves to be unaffected by text length and independent of
the model. This provide a more reliable metric to evaluate
generative keyphrase prediction models. These results confirm
that the FEM-KP not only measures similarity but also
functional information, making it a more reliable tool for
researchers in the NLP field.

VI. CONCLUSION

In this study, we addressed the evaluation of keyphrase
prediction models by highlighting the challenges posed by
current evaluation metrics such as F1-Score, ROUGE-L, and
BERTScore, which primarily focus on exact matching or
contextual similarity but often fail to detect the functional
utility of keyphrases. This leads to inconsistent model rankings,
particularly in long and complex documents. Therefore, to
overcome this problem, we proposed the FEM-KP metric. Our
metric adopts a two-track evaluation, the utility of
reconstruction (track A) and semantic consistency (track B),
which has allowed to distinguish between contextually similar
phrases and functionally necessary keyphrases. Our
experimental results across three diverse datasets, Inspec,
KP20k,and Krapivin showed that FEM-KP provides a superior
and more stableevaluation metric and provide a fair assessment
that rewards the functional performance of the phrases rather
than literal repetition compared to current evaluation metrics.
In conclusion, instead to evaluate keyphrase prediction models
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based to compare the predicted keyphrases with the reference
keyphrases, FEM-KP allows to evaluate these models based on
the functional performance of these phrases. Therefore, we
believe this metric will provide a more reliable benchmark for
researchers to develop highly effective NLP systems.
Therefore, we will expand FEM-KP in the future to include
other functions such as classification and clustering.
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