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Abstract—Keyphrases capture core information and enable
precise retrieval. Documents are often organized hierarchically,
and keyphrases concisely summarize high-level topics. Thus,
accurate keyphrase prediction requires a deep understanding
of such hierarchies for effective guidance. However, existing
methods integrating hierarchical topic information into neural
keyphrase generation remain confined to Euclidean space, lim-
iting their ability to capture hierarchical structures. To address
this, we propose Hyper-HTKG, a hyperbolic hierarchical topic-
based keyphrase generation method that effectively leverages
hierarchical topics to enhance performance. Specifically, we
introduce a novel hyperbolic sequence generation approach with
two main modules: a hyperbolic hierarchical topic model that
learns latent topic trees across the document corpus, and a
hyperbolic keyphrase generation model that produces keyphrases
guided by hierarchical topics. Both modules are jointly trained
to learn complementary information. To our knowledge, this is
the first study on hyperbolic hierarchical topic-based keyphrase
generation. Experiments on five benchmarks show Hyper-HTKG
outperforms seven baselines.

Index Terms—hyperbolic keyphrase generation model, hyper-
bolic hierarchical topic model, joint learning.

I. INTRODUCTION

Keyphrase prediction is a fundamental NLP task that aims to
automatically extract or generate concise keyphrases summa-
rizing a document’s core theme. Keyphrases offer high-level
semantic abstraction and support downstream applications
such as document indexing, retrieval [1]], summarization [2]],
and sentiment analysis [3]].

Despite ongoing efforts, keyphrase prediction remains chal-
lenging, with current models yielding suboptimal results. A
major obstacle lies in determining whether candidate phrases
genuinely capture the central ideas of a document—a task that
demands deep semantic understanding beyond surface-level
text matching.

Existing keyphrase prediction methods fall into two broad
categories: conventional extraction techniques and deep gen-

erative approaches. Extraction methods are limited to identi-
fying keyphrases that appear verbatim in the document, while
deep generative models can produce both present and absent
keyphrases.

Recent years have seen various topic-enhanced methods
emerge across both paradigms. Extraction-based approaches
include topic clustering [4] and topic-aware graph ranking [5]].
Another line of research jointly learns latent topic representa-
tions in a flat structure [|6]].

Despite promising performance, most topic-aware models
share a limiting premise: topics are treated as independent and
organized in a flat hierarchy. To address this, a recent study
[7] integrates neural hierarchical topic modeling into deep
keyphrase generation, but its ability to capture hierarchical
structures is constrained by Euclidean space. Although [8]]
introduces a hyperbolic topic-based method, it remains limited
to flat topic representations.

Documents often contain multiple topics organized hierar-
chically rather than in a flat structure. As illustrated in Figure
1, the topic tree captures the hierarchical organization and
semantic connections within a document. Building on this,
we propose a strategy that first learns the document’s topic
hierarchy and then selects the most representative keyphrases
from this structure as output, ensuring comprehensive coverage
and high-level thematic abstraction. To our knowledge, no
existing work leverages hierarchical topic structures in hyper-
bolic space to guide keyphrase generation.

Most current deep learning methods directly encode and de-
code documents without explicitly modeling topic structures.
In contrast, our approach first models the hierarchical topic
structure in hyperbolic space, then jointly trains the keyphrase
generation model and hierarchical topic model to inform the
generation process.

Our main contributions can be summarized as follows:

()To the best of our knowledge, this is the first attempt
to leverage the hierarchical topics to guide deep keyphrase



generation in hyperbolic space.

(2) We propose a novel hyperbolic hierarchical topic-based
keyphrase generation model that not only effectively captures
the long and strong dependencies of a document, but also
utilizes the hierarchical topics discovered to guide keyphrase
generation.

(3)We compare our Hyper-HTKG method against six
seq2seq keyphrase generation methods and a Sci-LLM(large
language model used for scientific articles). Comprehensive
experimental results demonstrate that our proposed method
consistently outperforms the current SOTA (state-of-the-art)
baseline methods across five publicly available datasets.

Example (#203 in KP20k)
Title: Fixed points of correspondences defined on cope metric spaces
Abstract: In the present note, we investigate the fixed points of correspondences
defined on one metric spaces satisfying a conditionally contractive condition.
Gold: fixed point; cone metric space; correspondence; banach lattice*
Hyper-HTKG: fixed point; cone metric space; correspondence
CatSeqTG: fixed points; cone metric spaces; correspondence; fixed point
matching;cone metric
ExHiRD-h: fixed point; cone metric space; point set; cone; <digit>
One2Set: cone metric space; fixed point; fixed point of correspondences;
conditionally contractive mapping

Fig. 1: An example of predicted keyphrases by differ-
ent approaches. Author-assigned (i.e., Gold) keyphrases and
correctly-predicted keyphrases are shown in bold.

II. RELATED WORK
A. Deep Keyphrase Generation

The success of sequence-to-sequence (Seq2Seq) models
in tasks like machine translation opened new avenues for
keyphrase generation. CopyRNN [9] first employed an at-
tentional Seq2Seq framework with a copying mechanism to
generate both present and absent keyphrases, shifting the task
from extraction to true generation.

We observe that most existing deep learning-based
keyphrase prediction methods fail to incorporate latent hier-
archical topic information into the Seq2Seq framework.

B. Topic-based Keyphrase Generation

Early research [10] combined traditional topic models like
LDA with keyphrase extraction, using topic distribution as an
external feature to re-rank candidate phrases from statistical
or graph-based methods.

With the rise of neural networks, research has shifted
toward end-to-end joint learning of topics and keyphrases by
integrating neural topic modules with sequence generation
models, conditioning generation on the document’s global
topic distribution. This enables models to generate absent
keyphrases aligned with the document’s thematic content,
deriving abstract semantics from topic information.

C. Hyperbolic Representation

A growing number of studies show that many types of
complex data exhibit non-Euclidean structures [11]. Recently,

hyperbolic embedding methods have been proposed to learn la-
tent representations of hierarchical data, yielding encouraging
results. In NLP, hyperbolic representation learning has been
successfully applied to word embeddings [12] and sentence
representations [13]. Moreover, hyperbolic geometry has been
integrated into advanced deep learning frameworks such as
hyperbolic neural networks [14]] and hyperbolic attention net-
works [[15]].

Hyperbolic keyphrase generation(t, kp,)

Hyperbolic keyphrase generation model(t,, kp,) Hyperholic hierarchical topic model(t;,kp,)

Variational inference(t,) ~ Seq2seq generation framework(ts) level distribution(ts) path distribution(t;)

Fig. 2: The hierarchical topic tree structure of this pa-
per.Three high-level topic(tl, t2, t3) description are selected
as keyphrases (kp) finally.

III. METHODOLOGY
A. Problem Definition

Given a corpus of documents D = {di}igll, where each
document d is a word sequence X = (x1,...,2r,) of length
Ty, the goal of keyphrase generation is to produce a set of
keyphrases K = {p; }lfill, with each keyphrase p as a word
sequence Y = (yi,...,y|p|). Following existing deep text
generation models, X and Y denote the input document and

its keyphrase sequence, respectively.

Hyper-GRU|

-

Fig. 3: The overall architecture of Hyper-HTKG .

B. Model Architecture

The overall architecture of our method is shown in Figure 3,
consisting of two main modules. The Hyperbolic Hierarchical
Topic Model learns a hierarchical topic distribution over a
topic tree for each word occurrence in hyperbolic space,
capturing the hierarchical semantic structure of the text. The
Hyperbolic Keyphrase Generation Model then uses this distri-
bution as guidance to generate keyphrases that are semantically
aligned with the topic hierarchy and cover multi-granular in-
formation under hyperbolic geometric constraints. This frame-
work naturally integrates hierarchical topic structures into
keyphrase generation, enhancing semantic representational ca-
pacity and interpretability, and offers a new structure-aware,



geometrically interpretable direction for keyphrase generation
tasks.

1) Hyperbolic Hierarchical Topic Model: We explicitly
incorporate hierarchical topical information into keyphrase
generation by adapting hierarchical topic modeling [16] to
hyperbolic space to discover latent hierarchical topics.

Recent hierarchical topic models like TSNTM [17] and
nTSNTM [18]] employ autoencoding variational inference,
offering better scalability and differentiable learning. These ap-
proaches typically use the nested Chinese Restaurant Process
(nCRP) [19] to construct topic trees with unbounded branches
and depths, where the distribution over tree paths is generated
via a nested stick-breaking process:

v ~ Beta(1,~) (D
k-1

Tk = Tpar(k) Vk H(l —vj) (2)
j=1

and the level distribution from a stick-breaking process:

m ~ Beta(1, ) (3)
-1

O =m [[(1—m) “)
j=1

where k € {1,...,K} and par(k) denote k — th and its
parent. [ € {1,..., L}, vy and n; are stick proportions.

Given the topic distribution # of document d and the topic-
word distribution [, the hierarchical topic-guided Gaussian
mixture model can be expressed as follows:

K
P(21X0) =) 0k(Xp)N (215 1r(X), 07 (X3))  (5)
k=1

Building on the approach introduced in prior work [20], the
topic-word distribution—denoting the probability distribution
over vocabulary terms for a given topic k—is computed
explicitly as follows:

Br = softmaz(E, -e}) (6)

where e, and E,, are the embedding of topic £ and all the
words.

Within the Auto-Encoding Variational Bayes (AEVB)
framework, the evidence lower bound (ELBO) for the log-
likelihood of document d is derived as:

Lt :Eq((ﬂ'lxb))[z log(6 - 3)]
— K L[q(m|Xp)||p(m)] — K L[g(7|X)]|p(7)]

where ¢(m|X}3) and ¢(7]|X}) are posteriors modeled by the
inference network, and p(w) and p(7) are the priors.

2) Hyperbolic Keyphrase Generation Guided by Hierarchi-
cal Topic: Unlike conventional Seq2Seq keyphrase generation
models such as SEG-Net [21] and CopyRNN [9], our model
operates within a hyperbolic Seq2Seq architecture. Specifi-
cally, we introduce a latent variable informed by the hierar-
chical topic model that captures the document’s underlying
topic structure and serves as a global semantic guide during

)

generation, enabling the model to effectively leverage high-
level thematic information.

We use a bidirectional GRU in hyperbolic space (Hyper-
BiGRU) [22] as the encoder:

hy,...,hr = Hyper-BiGRU(x1, ..., xT) 8)

Each contextualized vector h; encodes context information for
the ¢-th word, and the last hidden state hp is used to compute
the latent topic variable z.

Topic information is then incorporated into latent variables,
with each topic drawn from a topic-specific multivariate Gaus-
sian distribution:

K
PaX) = 3" 0 (X0) N (2 2(X),57(X)) )
k=1

where 0}, is the usage of topic k in the document, computed
by our hyperbolic-HTM. We use fully connected layers to
estimate 1, and logo'y:

By = W, hy +by, (10)

(1)

The latent topic variable z is obtained using the reparameter-
ization trick.

Finally, given a source document X and latent topic variable
z, the keyphrase Y is generated by:

log oL = WakhT + bgk

Y|
p(Y|X) = [[ pwe Y 1,2, X) p(2|X)
t=1
where Y; = (y1,...,y:—1). The decoder is a forward GRU

that predicts the next word y; based on its hidden state sy,
conditioned on y;_; and the context vector c;:

12)

st = GRUf(y4—1, St—1,Ct) (13)

P(Ye|Y<t,2,X) = g(ys—1, 8¢, ¢t) (14)

Here, ¢; = Zi ay;h; is the vector of attention source context,
and g(-) is a non-linear function that outputs the probability
of y; . z initializes the initial state of the decoder sg.

We minimize the cross-entropy loss:

N
Lig ==Y log (p(yilX. Y, 2) as)
t=1

where N is the length of target keyphrase.

3) Joint Learning: Given that keyphrase generation and
topic modeling both aim to identify and condense core se-
mantic information from documents, we propose a co-training
framework that jointly optimizes both tasks. This enables
bidirectional knowledge transfer and semantic complementar-
ity between the two modules during training, enhancing the
model’s ability to capture multi-level semantic structures.

To align the hierarchical topic-guided Gaussian mixture with
the corresponding distribution derived from the hyperbolic
topic model, we introduce a third loss term, an inconsis-
tency loss L;. as the KL divergence between p(z|X,) =



S 0N (i, 02) and p(z|X) = K 0N (7i;,52), their
Kullback-Leibler (KL) divergence is upper-bounded by:

Lic = KL(p(2[Xs)[p(2]X))

- 2 S 2 (16)
<> 6 KLW (ui,07) N (1, 57))
i=1

where KL(0||6) =0
The overall training objective is formulated as a linear com-
bination of the three loss components, expressed as follows:

L= Eht + Ek:g + ‘Cic (17)

IV. EXPERIMENT

A. Datasets

We use the KP20k dataset compiled by Meng et al. [9], a
large-scale collection of scientific metadata from the computer
science domain sourced from ACM, Springer, and IEEE.
Widely recognized for its domain representativeness and anno-
tation consistency, each instance includes the title and abstract
of a scholarly article as source text, with author-assigned
keywords as target keyphrases. Due to its scale and reliable
annotations, KP20k has become a standard benchmark for
keyphrase generation.

To evaluate generalizability and domain adaptability, we
conduct additional experiments on four widely-used public
datasets from the scientific domain—Inspec [23], Krapivin
[24], NUS [25]], and SemEval [26]—using the model trained
on KP20k. This cross-dataset assessment examines robustness
and transferability across variations in data distribution, textual
style, and annotation practice. Table 1 presents key statistics
for these five datasets, including number of documents (#Doc),
number and percentage of present keyphrases (#PKp and
%PKp), number and percentage of absent keyphrases (#AKp
and %AKp), and average keyphrases per document (#Avg.Kp).

TABLE I: Summary of the datasets.

Dataset #Doc #PKp %PKp #AKp %AKp  #Avg Kp
KP20k 569K 1.6M 63.0 995K 37.0 5.28
Inspec 500 3602 73.6 1293 26.4 9.79
Krapivin 400 1297 55.6 1037 44.4 5.84
NUS 211 1191 52.2 1088 47.8 10.8
SemEval 100 612 42.4 831 57.6 14.43

B. Evaluation Metrics

To enable fair comparison with existing studies, we adopt
F1Qk and F1QO as our primary evaluation metrics.

F1@k is computed from the top-k predicted keyphrases
(k = 5 or 10), assuming a fixed output length. F'1QO [27]
matches the number of predicted phrases to the ground-truth
count per document, avoiding bias from fixed-length output.

Both metrics are harmonic means of precision and recall,
offering a balanced measure of accuracy and coverage.

C. Experiment Setup

Following prior work [9] [27], we preprocess data with
lowercase and tokenization. The encoder/decoder vocabulary
consists of the 50,000 most frequent training words, while a
separate bag-of-words vocabulary of the top 10,000 terms is
used for the topic model.

In the hyperbolic hierarchical topic model, the hidden
dimension is 256, with hyperparameters oy = 1 and 5y =
10. For keyphrase generation, word embeddings are 150-
dimensional, the Hyper-BiGRU encoder has a hidden size of
150, and the forward GRU decoder uses 300 dimensions. Other
hyperparameters follow established configurations.

We adopt the One20ne generation paradigm [9] and opti-
mize with Adam (learning rate 0.001, gradient clipping 1.0).
Batch sizes are 1024 for the topic model and 128 for the
generation model. Learning rate decays on validation plateau,
with early stopping after three epochs.

To balance convergence, we pre-train the topic model for
100 epochs before joint training. During joint training, the KL
weight is gradually increased from O to 1 to prevent posterior
collapse. Inference uses beam search (width 50, max depth 6).

D. Performance Comparison

Tables 2 and 3 show the results for present and absent
keyphrase prediction, respectively. For present keyphrases,
Hyper-HTKG achieves the best or second-best performance
on all five datasets, with gains of up to 1.6 F1@5 points
on Inspec. For absent keyphrases, our model consistently out-
performs all baselines across every dataset, with particularly
large gains on NUS and SemEval. These results demonstrate
that Hyper-HTKG effectively captures document semantics for
both present and absent keyphrase generation.

E. Ablation Study

To evaluate the contribution of each component within our
proposed Hyper-HTKG framework, we conduct an ablation
study by comparing the full model against the following
ablated variants: (1) w/o HS(hyperbolic space) where the
hyperbolic space is replaced bu Euclidean space, (2) w/o
HT(hierarchical topic) where the hierarchical topic model
is replaced by the flat topic model [20]], (3) w/o TG(topic
guidance), where we directly use the hyperbolic keyphrase
generation model to generate keyphrases without topic guid-
ance obtained from the hyperbolic hierarchical topic model.

From the results shown in Table 4, we have the following
observations: (1)Replacing the hyperbolic space with the con-
ventional Euclidean space leads to a noticeable degradation in
model performance. This comparison further underscores the
essential role of hyperbolic space in effectively modeling hi-
erarchical semantics. (2) Removal of topic guidance results in
a significant performance drop on all datasets, indicating that
topic guidance is effective information to improve keyphrase
generation. (3) Replacing hierarchical topics with flat topics
leads to performance drops across all datasets, indicating that
hierarchical topic information is more effective than flat topics
in improving keyphrase generation.



TABLE II: Present keyphrase prediction results on five datasets. The best performing score is highlighted in bold and the
second best score is highlighted with underline.

| KP20k | Inspec | Krapivin | NUS | SemEval
| Fl@s Fl@O | FI@5 Fl@O | FlI@s Fl@O | FI@5 Fl@O | F1I@5 Fl1@O

CopyRNN | 31.7 335 | 244 290 | 305 325 | 376 406 | 318 317
CopyCNN | 35.1 - 28.5 - 31.4 - 34.2 - 29.5 -
Sci-lLLM | 367 388 | 257 314 | 272 317 | 289 384 | 202 303
CatSeq 314 319 | 290 307 | 307 324 | 359 383 | 302 310
CatSeqTG | 32.6 357 | 266 224 | 312 347 | 365 396 | 277 255
Exhird-h | 31.1 374 | 253 289 | 284 306 - - 292 266
One2Set | 355 369 | 282 254 | 315 343 | 397 395 | 340 302
Ours 374 388 | 30.6 317 | 317 323 | 409 417 | 320 305

Model

TABLE III: Absent keyphrase prediction results on five datasets. The best performing score is highlighted in bold and the
second best score is highlighted with underline.

| KP20k | Inspec | Krapivin | NUS | SemEval
| Fl@5 Fl1@O | Fl@5 Fl1@O | Fl@5 Fl1@O | Fl@5 Fl1@O | Fl@5 Fl1@O

CopyRNN | 323  3.97 144 123 | 514 554 | 335 325 | 205 220
CatSeq 150 251 | 040 035 180  1.67 1.60 122 1.60  1.44
CatSeqTG | 278  2.16 .12 08 | 297 18 | 246 210 | 204  1.78
Exhird-h | 157 322 1.03 152 | 206 249 - - 1.51 1.14
One2Set | 370 502 | 210  1.63 | 553 343 | 402 3.6l 242 2.02
Ours 420 527 | 224 159 | 541 582 | 496 482 | 299  2.67

Model

TABLE IV: Performance Comparison

| Model | KP20k [~ Inspec |  Krapivin | NUS | SemEval
| | Fle5 Fle@O | Fl@5 Fl@O | FI@5 Fl@O | FI@5 FI@O | FIe5 Fl@O

Ours 374 38.8 30.6 31.7 31.7 323 40.9 41.7 320 30.5
present | w/o HS 355 36.8 29.3 29.9 28.3 28.8 37.6 39.1 31.0 29.3
w/o HT 34.1 36.3 274 28.0 26.9 28.4 34.6 36.2 28.2 27.5
w/o TG 33.0 34.3 25.5 27.6 26.1 27.8 32.4 33.6 27.1 26.4

Ours 4.20 5.27 2.24 1.59 5.41 5.82 4.96 4.82 2.99 2.67
absent | w/o HS 3.12 3.64 1.99 1.54 3.68 4.01 3.52 3.93 2.31 2.32
w/o HT 2.73 3.32 1.86 1.44 2.89 3.10 3.27 3.62 1.98 2.02
w/o TG 1.99 2.20 1.46 1.27 2.05 2.26 2.07 242 1.69 1.80
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