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Abstract

Supervised sequence-labeling approaches to
keyphrase extraction operate at token level, but
whether a phrase is relevant may depend on
context beyond its sentence. Processing an en-
tire document at token resolution can increase
sequence length and introduce irrelevant in-
formation. We investigate a mixed-resolution
context-fusion architecture that retains token
representations for the target sentence while
compressing available surrounding sentences
into pooled representations. Both representa-
tion types are placed in document order and
processed jointly by a self-attention module be-
fore IOB prediction. We evaluate the model on
kp20k, inspec, and kptimes against SEKE, a
recent state-of-the-art supervised system with
approximately 60% more total parameters. The
model achieves comparable F1 scores on the
two scientific-domain benchmarks, while a
larger performance gap remains on the jour-
nalistic benchmark. Error analysis shows that
the model generates substantially more candi-
dates than there are gold keyphrases. However,
many predictions counted as false positives un-
der exact-match evaluation partially overlap
with gold keyphrases, while exact matches tend
to receive higher scores than partial and non-
matches.

1 Introduction

Keyphrases provide compact descriptions of a doc-
ument’s main topics and support indexing, catego-
rization, and information retrieval (Turney, 2002).
In scientific publishing, automatically extracting
such phrases can help organize and retrieve in-
formation from rapidly growing literature collec-
tions. When these collections are large, manual
annotation is impractical, motivating automated
keyphrase extraction.

The “keywordiness” of a word or a phrase is
largely determined by the global document context.
In natural language processing, representations that

depend on the word’s contextual role in the text,
known as contextualized word embeddings, are
a hallmark of transformer language models pre-
trained on large text corpora (Devlin et al., 2019).
This is underpinned by the model’s ability to weigh
the importance of all left and right context words
when learning the representations for the current
word, a process known as self-attention (Vaswani
et al., 2017; Bahdanau et al., 2014). Contextual
embeddings and self-attention have proven pow-
erful architectural components in a wide array of
downstream NLP tasks, including sequence label-
ing for keyphrase extraction (Sahrawat et al., 2020;
Martinc et al., 2022, 2025).

Although in principle transformer large language
models (LLMs) process the entire context when
performing a task (e.g. a complete document when
extracting keyphrases), in practice this risks bury-
ing the relevant signal among distracting context,
especially as document length increases (Liu et al.,
2023; Martínez-Cruz et al., 2024; Hong et al.,
2025). Alternatively, extracting keyphrases sen-
tence by sentence means transformers would dis-
card document-level context altogether. Keyphrase-
extraction approaches have addressed represen-
tation and context limitations through recurrent
classification heads (Sahrawat et al., 2020; Mar-
tinc et al., 2022), task-specific training objectives
(Kulkarni et al., 2022), document-attention and
graph-based augmentation (Santosh et al., 2020;
Martínez-Cruz et al., 2025), and mixture-of-experts
(MoE) components (Martinc et al., 2025).

We investigate a particular context-augmentation
construction for supervised keyphrase extraction.
Instead of processing the entire document at to-
ken resolution, we retain token embeddings for the
target sentence, compress each surrounding sen-
tence into one pooled vector, and combine both
representation types in a single ordered input to a
three-layer self-attention module (Figure 1). This
provides an explicit representation of the document
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context without sacrificing the token resolution of
the target sentence.

Our contributions are threefold:

1. We investigate a mixed-resolution context-
fusion architecture for keyphrase extraction
that preserves token-level representations for
the target sentence while compressing sur-
rounding document context into sentence-
level representations. A three-layer self-
attention module jointly contextualizes target-
token representations with sentence-level rep-
resentations of the surrounding context before
keyphrase prediction.

2. We evaluate the complete 170.9M-parameter
architecture on three established keyphrase-
extraction benchmarks under fine-tuning set-
tings aligned with SEKE, a recent state-of-
the-art supervised keyphrase-extraction sys-
tem with 274M parameters. The architec-
ture achieves comparable performance on the
scientific-domain benchmarks while exhibit-
ing substantially weaker performance on the
journalistic benchmark, characterizing both
the feasibility and current limits of the ap-
proach.

3. We characterize the model’s principal extrac-
tion errors and show that low precision is as-
sociated with systematic over-generation. The
candidate sets nevertheless contain substantial
partial overlap with gold keyphrases, while
exact matches tend to receive higher scores
than partial and non-matches, suggesting that
candidate selection and phrase delimitation
are important targets for further improvement.

Code availability. Code and experiment configu-
rations are available at https://github.
com/knowledge-technologies/
context-fusion-kpe.

2 Related work

Our work takes as a starting point the approaches
leveraging transformer-based language models
(Vaswani et al., 2017) for keyphrase extraction. In
one of the earlier works, Sahrawat et al. (2020)
combined pretrained transformer language models
with recurrent neural networks and showed that
using contextualized tokens improves keyphrase
extraction performance across several benchmarks
and models over static embeddings. Martinc
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Figure 1: Model architecture overview. Token embed-
dings of the target sentence and pooled embeddings of
the surrounding sentences form a single ordered input
to the context-fusion module.

et al. (2022) proposed a transformer-only archi-
tecture consisting of a next-word prediction pre-
training followed by a keyphrase classification ob-
jective as a competitive alternative to unsupervised
graph-based and recurrent neural network based
keyphrase extractors at the time.

The use of broader document context for
keyphrase extraction is well established. In unsu-
pervised extraction, Liang et al. (2021) jointly mod-
eled phrase–document relevance and local graph
structure. More directly, DAKE (Santosh et al.,
2020) enriched sentence-level BiLSTM word repre-
sentations with supporting information from other
sentences through document-level attention and
gating before CRF decoding. Martínez-Cruz et al.
(2025) instead augmented contextualized language-
model token representations with embeddings of a
document-wide co-occurrence graph. These stud-
ies establish the value of augmenting local represen-
tations with document information. Our architec-
ture differs in the fusion operation: each surround-
ing sentence becomes one coarse-grained position
alongside the fine-grained target-token positions
in a single ordered sequence, enabling joint self-
attention between both representation types rather
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than explicit document attention and gating or con-
catenated graph features.

Most recently, Martinc et al. (2025) introduced
SEKE, a state-of-the-art supervised keyphrase-
extraction system that combines a DeBERTa back-
bone with a mixture-of-experts (MoE) (Jacobs
et al., 1991) and BiLSTM token classification head.
They froze the original backbone weights while
training low-rank adaptations to its query and value
projections (Hu et al., 2022), together with all pa-
rameters of the custom classification head. During
inference, the full DeBERTa backbone remains ac-
tive, while a learned router selects the top-k experts
that process each token.

3 Methods

3.1 Benchmarks

We fine-tuned the model on the validation splits of
three keyphrase benchmarks: kp20k dataset (Meng
et al., 2017), kptimes (Gallina et al., 2019), and
inspec (Hulth, 2003) (as in (Martinc et al., 2025);
see Section 3.5). Summary statistics for validation
datasets are presented in Table 1.

3.2 Preprocessing

We needed to prepare the benchmark data to con-
form to our annotation and extraction scheme.
The document title, abstract, and full text (if
present) were first segmented into sentences using
the SpaCy1 library with the en_core_web_sm
model. Each sentence was tokenized using the
Huggingface tokenizer for the pretrained model we
used (answerdotai/ModernBERT).

Annotating target tokens. To annotate class la-
bels to the tokenized dataset, we performed match-
ing of the tokens in the document with the ground
truth keyphrases provided in the ‘keyword‘ (or ‘key-
words‘) field. We first stemmed both document
and ground truth keyphrases using the nltk Porter
stemmer. For each sentence, we then iterated over
the stemmed ground truth keyphrases and checked
for matches with stemmed document words. This
stem-based matching allowed us to boost the rele-
vant training signal by ignoring the variance due to
word surface forms.

3.3 Task definition

Keyphrase extraction is a 3-way classification prob-
lem. The task involves classifying each token at

1https://spacy.io/

position t in the target sentence j either as a start
of a new keyphrase (B - beginning), continuation
of a multi-token keyphrase (I - inside) or a non-
keyphrase token (O - outside). This is known as
the IOB labeling scheme. An example is shown in
Table 3.

3.4 Model architecture

The overall architecture consists of two stages: a
document encoder and a classification head. The
document encoder provides the surrounding con-
text for the target sentence for which the candidate
keyphrases are extracted. The final output is a
3-way prediction for each token in the target se-
quence.

Token embedding layer (ModernBERT) The
document encoder is the pretrained bidirectional en-
coder ModernBERT (Warner et al., 2024), applied
independently to each sentence. Every sentence
is tokenized with the matching tokenizer and trun-
cated to at most 512 subtokens, and the last hidden
state of the encoder provides the token-level em-
beddings. For a target sentence j, these are the
embeddings wj,t ∈ Rd used in the fused sequence
below; for context sentences, the same embeddings
are mean-pooled into the sentence embeddings sk.
The embedding dimension is d = 768, matching
the hidden size of ModernBERT-base.

Context fusion with sentence embeddings For
each target sentence j in a document, we construct
a fused input sequence containing, in order: the
sentence embeddings of the preceding document
context, a learnable boundary embedding, the to-
ken embeddings of the target sentence, a second
learnable boundary embedding, and the sentence
embeddings of the following document context:

xj =
[︁
sj−cpre , . . . , sj−1, mpre,

wj,1, . . . ,wj,Tj , mpost,

sj+1, . . . , sj+cpost

]︁

where: sk ∈ Rd is the mean-pooled sentence
embedding of sentence k (before or after the cur-
rent target sentence j); cpre = min(j, nleft) and
cpost = min(N − j − 1, nright) are the context
window sizes, bounded by document length N ;
wj,t ∈ Rd is the token embedding of token t in
target sentence j; mpre,mpost ∈ Rd are learnable
boundary embeddings. During training, sentences
are processed in document-ordered batches of 50;
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Statistic kp20k kptimes inspec

Domain CS news CS
Nr. Documents 19,992 10,000 1,500
Mean abstract length (words) 146.5 776.3 117.1
Max abstract length (words) 1,547 5,617 490
Mean keyphrases/doc (all/in doc) 5.3 / 3.8 5.0 / 2.7 9.6 / 7.7
Vocabulary size (first 1k docs) 11,659 34,875 10,277
Words per keyphrase (all/in doc) 1.9 / 1.8 2.2 / 1.6 2.3 / 2.4

Table 1: Validation dataset statistics for the three benchmarks

for documents longer than one batch (primarily kp-
times), the context is drawn from the sentences
within the current batch. Fused sequence lengths
are therefore bounded well below the 768 posi-
tional embeddings of the context-fusion head.

Context fusion and output projection. Learn-
able positional embeddings are added to each po-
sition: x̃j,i = xj,i + pi, 0 ≤ i < |xj |. The
resulting sequence is passed through a three-layer
self-attention module with a 768-dimensional rep-
resentation split across four attention heads:

hj = ContextFusion(x̃j)

Token-level logits for sentence j are extracted from
each position t in the sequence through a linear
layer: ℓj,t = Wout hj,t. All parameters are fine-
tuned: the ModernBERT encoder has 149.0M pa-
rameters and the context-fusion head 21.9M, for
170.9M parameters in total.

Inference computation. A batch of sentences
from the same document is encoded once by Mod-
ernBERT to obtain token-level representations. Av-
erage pooling yields one sentence-level represen-
tation per sentence, without another encoder pass.
For each target sentence, we construct an input
combining its fine-resolution token representations
with the coarse-resolution sentence representations
of the surrounding sentences. Each resulting in-
put is processed only by the context-fusion head,
which contains approximately 13% of the model’s
parameters (21.9M of 170.9M).

3.5 Fine-tuning
Following Martinc et al. (2025), we fine-tuned our
model in two regimes: validation set fine-tuning
and training set fine-tuning (kp20k only). The
main difference between the two is the size of the
dataset used in fine-tuning. In validation set fine-
tuning, we fine-tuned the model on the validation

set split for the respective benchmark. We ran-
domly sampled 80% of the documents from the
validation split2. We fine-tuned the model for up to
20 epochs and used early stopping (metric: F1@10,
delta: 0.001, patience: 5 epochs). In training-set
fine-tuning, we used the full training set split for
fine-tuning. We fine-tuned for 20 epochs without
early stopping. This corresponds to the regime
dubbed “pretraining” in (Martinc et al., 2025, Ap-
pendix E, Table 5).

In both cases, we used AdamW with learning
rates of 2×10−5 for the base encoder and 5×10−5

for the context-fusion head. The effective batch
size was 100 sentences, implemented as two 50-
sentence forward passes. We used cross-entropy
loss with class weights inversely proportional to
class frequency: wc =

n_samples
(n_classes∗n_samplesc)

. Spe-
cial tokens (CLS, SEP, PAD) and continuation
subtokens were masked with IGNORE_IDX and
excluded from loss computation.

3.6 Keyphrase extraction
Token-level tag assignment. At inference time,
we converted the IOB class logits for token t in
sentence j into a normalized score vector

πj,t = softmax(ℓj,t).

The predicted tag and its score were then defined
separately as

ŷj,t = argmax
c

πj,t,c, qj,t = πj,t,ŷj,t .

For words tokenized into multiple subtokens, only
the first subtoken’s predicted tag ŷj,t and score qj,t
are retained during keyphrase extraction; subse-
quent subtokens of the same word are ignored (Ta-

2This was to match the dataset size used in (Martinc et al.,
2025), where 80% of each validation split was used for fine-
tuning and the remaining 20% for hyperparameter optimisa-
tion.
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Model/Benchmark kp20k kptimes inspec

F1 @5 @10 @5 @10 @5 @10

Validation Set Fine-tuning

SEKE (Martinc et al., 2025) 32.7 33.0 44.9 45.1 47.2 56.5
Ours (ModernBERT) 31.3 30.3 40.8 33.0 48.7 54.3

Training Set Fine-tuning

SEKE (Martinc et al., 2025) 36.3 36.5 54.8 55.0 49.4 58.8
Ours (ModernBERT) 37.5 35.9 — — — —

(a)

Metric kp20k kptimes inspec

@5 @10 @5 @10 @5 @10

Validation Set Fine-tuning

Precision 26.4 22.6 31.7 21.8 57.1 47.5
Recall 38.3 45.9 57.6 68.2 42.5 63.4

Training Set Fine-tuning

Precision 31.9 27.0 — — — —
Recall 45.5 53.9 — — — —

(b)

Table 2: Performance by benchmark and fine-tuning regime: (a) F1 for our model and SEKE; (b) precision and
recall for our model. SEKE scores are from Martinc et al. (2025, Tables 2 and 5); validation-set values are means
over five runs and training-set values are from a single run.

ble 4). This step resulted in one I/O/B tag and
associated score for each word in the sentence.

Keyphrase assembly and scoring. To assemble
the multi-word keyphrases, we iterated over all
words in the sentence and started a new keyphrase
if the predicted tag was B with q ≥ 0.5, and ap-
pended a word to the current keyphrase if its pre-
dicted tag was I with q ≥ 0.5. Current keyphrase
construction was terminated if a B or I tag had
q < 0.5, or if an O tag was encountered. Each
keyphrase was then assigned a score by averaging
the scores of its constituent words.

3.7 Evaluation

For evaluation we largely followed Martinc et al.
(2025). To ensure robustness against surface-
form variations, we replaced hyphens (-), slashes
(/), and asterisks (*) with spaces, and lower-
cased and Porter-stemmed both gold and candi-
date keyphrases prior to evaluation. Candidate
keyphrases were additionally deduplicated by re-
taining only the highest-scoring occurrence among
duplicates. For each document d, we computed
precision Pd@k and recall Rd@k from the top-k
ranked candidates. If fewer than k candidates were
available, precision was computed over the avail-
able candidates. We then averaged precision and re-

call separately across the D evaluated documents:

P@k =
1

D

D∑︂

d=1

Pd@k, R@k =
1

D

D∑︂

d=1

Rd@k.

The reported F1 score was their harmonic mean:

F1@k =
2P@k R@k

P@k +R@k
.

This aggregation follows the SEKE evaluation im-
plementation, ensuring direct comparability with
its reported results. Gold keyphrases were taken as
the union of those stem-matched within the docu-
ment text, and documents with no remaining gold
keyphrases were excluded from metric computa-
tion.

4 Results

4.1 Benchmark performance
General benchmark performance. Overall, our
model performs comparably with the state-of-the-
art SEKE model (MoE BiLSTM architecture) pro-
posed by Martinc et al. (2025). When fine-tuned
on the smaller validation sets of the kp20k and in-
spec benchmarks, our model performed within the
margin of +/- 1–3 percentage points (Table 2(a))
relative to SEKE. When fine-tuned on the larger
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training set of the kp20k benchmark, our model
showed an F1@5 score of 37.5 (Table 2(a)) which
is competitive with the reported SEKE score of
36.3. By far the largest performance divergence be-
tween the two models is seen on the kptimes bench-
mark where SEKE outperformed our model by 4.1
(F1@5) and 12.1 (F1@10) percentage points.

Precision. Precision ranged from 21.8% to 57.1%
across the evaluated settings (Table 2(b)), indicat-
ing that many top-ranked candidates did not match
the annotated gold keyphrases. Recall generally ex-
ceeded precision across the evaluated settings, con-
sistent with a tendency to over-generate keyphrase
candidates. Performance was weakest on the jour-
nalistic kptimes benchmark, whose documents
are longer, have a larger vocabulary, and cover a
broader range of topics than the scientific abstracts
in kp20k and inspec (Table 1).

4.2 Characteristics of extracted keyphrases

Eager keyphrase extraction. We examined over-
generation by comparing the numbers of predicted
and gold keyphrases in 100 randomly sampled test
documents per benchmark. Figure 4 in the Ap-
pendix reports the median counts. Across all three
benchmarks, the median predicted count substan-
tially exceeded the median gold count, with the
largest relative difference on kptimes.

Error analysis. With the model generating a
large number of keyphrases, are the generated
candidate keyphrases relevant or do they mostly
represent irrelevant noise? In Table 5 in the Ap-
pendix, we show a sample of gold and extracted
keyphrases from six documents in the test set strati-
fied by document-specific F1 scores into high, mid,
and low accuracy tiers. Each predicted keyphrase
is marked using the surface-match categories de-
scribed below.

Score distribution. To examine whether
keyphrase scores distinguish correct from incorrect
predictions, we analysed 100 randomly sampled
kp20k test documents and all 784 keyphrase
candidates produced for them by the model
fine-tuned on the full kp20k training set. For this
descriptive analysis, we classified a candidate as
an exact surface-form match, a partial match if it
shared at least one word with a gold keyphrase,
and a non-match otherwise. These categories
were used only for the error analysis; benchmark
evaluation used normalized and stemmed exact

matching. As Figure 2 shows, exact matches
generally received higher scores: 18.5% scored 0.9
or lower, compared with 47.2% of partial matches
and 55.5% of non-matches.

Keyphrase score

Figure 2: Keyphrase-score distributions by surface-
match type. Curves show empirical cumulative dis-
tributions; dashed guides indicate the proportions with
scores of 0.9 or lower, and rug marks represent individ-
ual predictions.

Partial matches Examples show that, apart from
exact matches and non-matching candidates, the
model frequently extracted one or more partial
matches. For example, in a document with the
gold keyphrase conventional surfactant, the model
extracted partial matching candidates surfactant
and surfactant systems. The general pattern of par-
tial matches across all performance tiers is shown
in Figure 3. Partial matches account for approxi-
mately 20% of candidates in the mid-performance
tier and 25% in the low-performance tier. These
candidates receive no credit under exact-match
evaluation.

Acronym variants. Qualitative inspection also
revealed candidates that were acronyms of longer
gold keyphrases. Because the evaluation requires
an exact match after normalization and stemming,
these pairs receive no credit: the predicted acronym
is counted as a false positive and the unretrieved
gold keyphrase as a false negative. Our partial-
match criterion also classifies such cases as non-
matches because the acronym and its expanded
form share no words. These cases illustrate that
exact-match evaluation may understate the useful-
ness of some predictions, although we did not quan-
tify their prevalence.
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Figure 3: Keyphrase-candidate composition across per-
formance tiers on the kp20k test set, based on per-
document F1@5. Partial matches account for approx-
imately 20% and 25% of candidates in the mid- and
low-performance tiers, respectively. These candidates
share at least one word with a gold keyphrase but re-
ceive no credit under exact-match evaluation. Numbers
inside the bars indicate counts.

5 Discussion

In this paper, we presented an initial evaluation of
a transformer-based keyphrase extraction model
leveraging explicit fusion of local (sentence) and
global (document) context. The complete architec-
ture is smaller overall than the state-of-the-art com-
parison system developed by Martinc et al. (2025)
(170.9M versus 274M parameters) and achieves
comparable performance on the two scientific-
domain benchmarks without its mixture-of-experts
and BiLSTM components, although it performs
substantially worse on the journalistic benchmark.
This parameter-count difference distinguishes the
architectures but does not by itself establish lower
computational cost.

Despite the overall promising extraction per-
formance, the model showed low precision and
(over)eager extraction. It tended to generate large
keyphrase candidate pools, especially on longer
documents, leading to an increase in false positives.
While we confirmed that the candidate pools often
contained relevant tokens (e.g. substrings of target
keyphrases), this is an area where further improve-
ment is needed. One possible way to address this
would be to tune the score threshold, which was
fixed at 0.5 in our experiments, using held-out data.

More broadly, why train dedicated small lan-
guage models in an era of large language mod-
els with increasing scale? Small language mod-
els (sLMs) fine-tuned for dedicated tasks can still

outperform their larger generic pre-trained counter-
parts under certain settings (Martínez-Cruz et al.,
2024). This is noteworthy especially considering
the smaller computational footprint and greater po-
tential for interpreting the models (Chen and Varo-
quaux, 2026). Because keyphrase extraction is a
starting point for several downstream tasks like
indexing, categorization, and summarization, on-
going development of language models that bal-
ance flexibility and computational footprint can
outweigh the benefits of larger models.

6 Conclusion

We investigated a mixed-resolution context-fusion
architecture that combines token-level information
from the target sentence with sentence-level infor-
mation from the surrounding context in a single
ordered sequence. Across three benchmarks, the
full model achieved performance comparable to
SEKE, a recent state-of-the-art supervised system,
on the two scientific-domain datasets, although
a larger gap remained on the journalistic dataset.
Notably, SEKE’s overall parameter count is ap-
proximately 60% larger than that of our model.
This competitive performance is consistent with
the hypothesis that compressed document context
can support keyphrase extraction, but it does not
establish that context fusion itself improves per-
formance because the architecture was evaluated
only as a whole. Error analysis showed systematic
over-generation, but many predictions counted as
false positives under exact-match evaluation par-
tially overlapped with gold keyphrases, and exact
matches tended to receive higher scores than partial
and non-matches. These findings identify candi-
date selection and phrase delimitation as promising
targets for improvement. Controlled ablations and
direct measurements of computational cost remain
necessary to isolate the contribution of context fu-
sion and assess its efficiency.

7 Limitations

Our empirical comparison is limited to SEKE
(Martinc et al., 2025). Although SEKE reports
comparisons with a broader set of supervised, un-
supervised, and generative systems, reproducing
those systems under our preprocessing and train-
ing protocol was beyond the scope of this study.
Broader controlled comparisons are needed to es-
tablish the model’s position relative to other ap-
proaches. Our evaluation focuses on three English-
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language benchmarks spanning scientific and jour-
nalistic text. While this selection enables compari-
son across domains and document lengths, evalu-
ation on additional domains and languages would
provide a broader account of generalization. The
reported scores are based on a single training run;
repeated runs are needed to estimate variance and
determine the reliability of small performance dif-
ferences between models. Our model is smaller
overall than SEKE (170.9M versus 274M param-
eters), although all 170.9M of its parameters are
fine-tuned, compared with 45M trainable parame-
ters reported for SEKE. Because total and trainable
parameter counts reflect different computational
costs, direct measurements of training cost, infer-
ence latency, and memory use would provide a
more complete efficiency comparison. Finally, the
present experiments evaluate the architecture as a
whole. They establish the feasibility of combin-
ing token-level target representations with com-
pressed document context, but do not isolate the
effect of that context. Comparisons with a target-
sentence-only model, together with controls that
vary the context window or replace document con-
text with unrelated sentences, are needed to deter-
mine whether and how document context affects
extraction performance.

8 Ethical Considerations

This study uses publicly available benchmark
datasets and involves no human participants or pri-
vate data. Incorrectly extracted keyphrases could
lead to misleading semantic indexing or retrieval,
particularly if model outputs are used without hu-
man verification.
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A Additional implementation details and
analyses

Token Label Reason

[CLS] IGNORE Special token
neural B Starts keyphrase
net I Continuation (first subtoken)
##works IGNORE Continuation subtoken
are O Outside keyword
powerful O Outside keyword
[SEP] IGNORE Special token

Table 3: Example IOB labeling with subtoken splitting. Continuation subtokens
(e.g. ##works) are ignored during training, but inherit the predicted label of the
first subtoken during inference to allow word-level predictions.

Word Subtokens Subtoken tags (scores) Decoded word tag

deep deep B (0.92) B
learning learn, ##ing I (0.88), O (0.40) I
models models I (0.85) I
are are O (0.95) O
weak weak B (0.40) O (q < 0.5)

Table 4: Example of subtoken-to-word I/O/B tag assignment. For words split into
multiple subtokens (learning → learn, ##ing), only the first subtoken’s score and
predicted tag are retained; continuation subtokens (##ing) are ignored. Predictions
with q < 0.5 are treated as outside (O) during keyphrase generation.
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Figure 4: Median numbers of gold and predicted keyphrases across 100 randomly sampled test documents per
benchmark. The model consistently predicts more keyphrases than are present in the gold annotations, ranging from
approximately 2.3 times as many for kp20k and inspec to 6 times as many for kptimes.

ID F1@10 Gold Keywords Extracted Keywords

High Accuracy (in top quartile)

1 66.7% boundary element
method, object oriented
programming, subregions

boundary element method (1.00), object oriented programming (0.99),
boundary integral equation methods (0.97)

2 40.0% cellular structure, fill
material, fill materials,
retaining wall, shear
resistance

distinct element method (1.00), shear resistance (0.99), retaining wall (0.99),
displacement incremental analysis (0.98), cellular structure (0.97), distinct
element method analysis (0.85), shear behavior (0.83), steel frame (0.81),
friction (0.71), wall (0.59)

Mid Accuracy (in mid quartiles)

3 30.8% conventional surfactant,
lattice monte carlo, mixed
micellization, synergism

lattice monte carlo (0.99), surfactant (0.97), aqueous solution (0.96),
mixed gemini (0.95), mixed micellization (0.94), surfactant systems (0.90),
monte carlo simulation (0.87), gemini (0.83), simulation (0.62)

4 30.8% deteriorating jobs,
multitasking, tabu search

scheduling (1.00), tabu search (0.99), algorithms (0.99),
deteriorating jobs (0.98), complexity (0.98), framework (0.96),
multitasking environments (0.95), mathematical programming (0.95),
lagrangian relaxation (0.94), optimal (0.93), search algorithm (0.81), planning
(0.79)

Low Accuracy (in bottom quartiles)

5 22.2% wireless sensor networks adapt (0.98), interpreted (0.97), adaptlets (0.97), wireless (0.93),
customization (0.92), wireless sensor networks (0.83), performance (0.82),
sensor networks (0.78)

6 0.0% bareiss algorithm, bulk
synchronous parallel,
toeplitz system, toeplitz
systems

bsp (0.97), load balance (0.97), systolic array (0.95), scheduling (0.92),
toeplitz (0.90), data distribution (0.78), speedup (0.78)

Table 5: Examples of ground-truth and extracted keyphrases for six randomly sampled documents from the kp20k
test set stratified by document-level accuracy. Color legend: Exact match, Partial match (dashed border).
Numbers in parentheses indicate model scores.
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