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Abstract

Identifying relevant research concepts is cru-
cial for effective scientific search. However,
primary sparse retrieval methods often lack
concept-aware representations. To address this,
we propose CASPER, a sparse retrieval model
for scientific search that utilizes both tokens
and keyphrases as representation units (i.e., di-
mensions in the sparse embedding space). This
enables CASPER to represent queries and doc-
uments via research concepts and match them
at both granular and conceptual levels. Further-
more, we construct training data by leveraging
abundant scholarly references (including titles,
citation contexts, author-assigned keyphrases,
and co-citations), which capture how research
concepts are expressed in diverse settings. Em-
pirically, CASPER outperforms strong dense
and sparse retrieval baselines across eight sci-
entific retrieval benchmarks. We also explore
the effectiveness-efficiency trade-off via repre-
sentation pruning and demonstrate CASPER’s
interpretability by showing that it can serve as
an effective and efficient keyphrase generation
model.

1 Introduction

Science progress is accelerating at an unprece-
dented rate, with millions of research articles pub-
lished yearly (Fortunato et al., 2018). This surge
in scientific output makes it increasingly difficult
for researchers to catch up with the latest develop-
ments (Huettemann et al., 2025). As a result, there
is a pressing need for robust information retrieval
systems that can efficiently navigate and filter the
vast landscape of scientific literature.

To address this challenge, the community has
largely turned to Dense Retrieval (DR) models (Co-
han et al., 2020; Singh et al., 2023; Mysore et al.,
2022; Kang et al., 2024, 2025), which encode doc-
uments into continuous vector spaces to capture
semantic nuances. However, Learned Sparse Re-
trieval (LSR) has recently emerged as an attractive

Query deep transfer learning in neural networks
(deep, 2.55), (transfer, 2.27), (neural, 1.73), (learning, 1.56),
SPLADE  (brain, 1.37), (networks, 1.33), (learn, 1.26), (network, 1.15),

(transferred, 1.14), (college, 1.03), (,, 0.69), (goal, 0.61), ...

(deep learning, 2.26), (deep, 1.43), (knowledge transfer, 1.36),
CASPER  (transfer learning, 1.25), (soap, 1.24), (neural network, 1.15), ...,
(domain adaptation, 0.55), ..., (artificial intelligence, 0.41), ...

Table 1: SPLADE and CASPER representations for a
hypothetical query.

alternative. Unlike DR models, LSR models en-
code text into sparse lexical vectors, where each
term (word or subword) serves as a representation
unit, i.e., a dimension in the embedding space. The
advantages of LSR over dense retrieval include 1)
efficiency due to its compatibility with inverted in-
dexes and 2) interpretability since each dimension
in the representation space corresponds to a term.
Realizing the full potential of LSR in this context
of scientific document search, however, requires
overcoming three challenges.

The first challenge is the lack of conceptual
representation units. Primary sparse retrieval ap-
proaches (Bai et al., 2020; Zhao et al., 2020; Formal
et al., 2021b,a) utilize BERT tokens as representa-
tion units. However, it has been pointed out that
searching for scientific article heavily involves iden-
tifying research concepts to include for querying
(Bramer et al., 2018). Although tokens allow for
matching of granular details, the lack of concep-
tual representation unit hinder capturing research
concepts, potentially causing the model to miss
relevant documents. For instance, consider the ex-
ample query in Table 1. Other than documents
that discuss “transfer learning”, it is expected that
those discussing relevant concepts, such as “knowl-
edge transfer” and “domain adaptation”, are also
retrieved. While SPLADE (Formal et al., 2021b,a),
a prominent sparse model, expands the query rep-
resentation beyond the present tokens to include
related ones. Consequently, SPLADE’s representa-
tion fails to capture the conceptual relationship and
miss relevant articles.
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Our key idea for addressing this challenge is to
learn concept-integrated representation. In par-
ticular, we propose to treat research concepts as
representation units in addition to tokens, allowing
matching both token and concept-level details.

The second challenge is that it is unclear regard-
ing the criterion to determine conceptual represen-
tation units. We propose selecting common and
comprehensive keyphrase vocabulary as concept
units. Keyphrases are typically used to describe re-
search concepts and therefore are a natural choice
for concept units. The selected keyphrases should
be common, widely present in queries and docu-
ments, to ensure sufficient instances for each di-
mension for the model to learn. Furthermore, the
keyphrase vocabulary should be comprehensive,
covering the diverse research concepts circulating
in the literature, enabling each document to be rep-
resented with these keyphrases. For instance, a
vocabulary limited to Computer Science terminol-
ogy cannot effectively represent Biology articles.

The third challenge is limited supervision sig-
nals. Existing data sources do not support learning
concept-aware representation. Previous work uti-
lizes pairs of articles, formed by either citation
links (Cohan et al., 2020; Singh et al., 2023) or co-
citations (Mysore et al., 2022). However, besides
the potential inaccuracies of these signals (as in the
case of citation links (Mysore et al., 2022)), relying
solely on them is insufficient. More specifically,
they mainly indicate related concepts mentioned in
other works, but do not directly reveal the concepts
expressed in the given text itself.

User queries and interaction are another poten-

tial source of supervision, with an example being
SciRepEval Search (Singh et al., 2023). However,

such signals are typically proprietary and difficult
to obtain. Moreover, they are also insufficient. Our
analysis reveals that a significant portion of queries
in SciRepEval Search closely match paper titles. In
particular, 44% of query—document pairs involve
queries that appear as substrings in the document
title or vice versa, and 53% contain all query terms
within the document title. This pattern indicates
predominantly known-item rather than exploratory,
concept-driven searches. It is noteworthy that this
reflects the limitations of current scholarly search
engines, which primarily support known-item re-
trieval (Gusenbauer and Haddaway, 2021), rather
than scientific document search being a simple task.

Our key idea for solving this challenge is lever-
aging diverse scholarly references. We refer to
scholarly references as signals within the literature
to connect and describe academic articles at the
concept level. We specifically utilize four sources
namely titles, citation contexts, author-assigned
keyphrases, and co-citation networks as (pseudo)
queries to retrieve the underlying referenced doc-
uments. These signals are embedded within the
scientific literature and are therefore “free” to ob-
tain. In addition, they capture research concepts
of papers expressed in different settings and there-
fore are rich sources of supervision. In Figure 1, we
provide an example of these sources of supervision.

We summarize our contributions as follows.
Firstly, we propose CASPER, a sparse retrieval
model that utilizes both tokens and keyphrases as
representation units. Secondly, we introduce a
framework to construct large-scale scientific In-
formation Retrieval (IR) training data by mining
scholarly references, which we name FRIEREN.
Finally, we extensively evaluate CASPER on eight
scientific retrieval benchmarks, where it outper-
forms strong dense and sparse baselines. We also
explore the effectiveness-efficiency trade-off via
representation pruning and demonstrate CASPER’s
interpretability by showing its utility as a robust
keyphrase generation model.

2 Related work

Learned Sparse Retrieval. Sparse retrieval mod-
els encode inputs as term-based vectors. Tradi-
tional methods, such as TF-IDF (Salton and Buck-
ley, 1988) and BM25 (Robertson et al., 2009), gen-
erate bag-of-words representations from document
and corpus statistics. However, these approaches
suffer from vocabulary mismatching problem. To
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Figure 2: Overview of CASPER, our proposed method.

address this, primary methods (Bai et al., 2020;
Dai and Callan, 2019; Zhao et al., 2020; Formal
et al., 2021b,a) leverage pretrained language mod-
els to learn contextualized sparse representations.
By assigning importance scores to tokens from the
entire vocabulary, rather than limiting them to those
present in the input, these methods effectively miti-
gate vocabulary mismatch.

Most sparse retrieval models represent text in
BERT’s vocabulary. Expanded-SPLADE (Dudek
et al., 2023) attempts to replace this vocabulary
with a customized vocabulary of the 300k most
frequent English unigrams. DyVo (Nguyen et al.,
2024) enhances BERT’s vocabulary by incorporat-
ing entities retrieved from a knowledge base. Our
proposed method, is more related to DyVo. How-
ever, while CASPER learns an end-to-end repre-
sentation integrating both tokens and keyphrases as
representation units, Dy Vo augments a token-based
representation with a frozen entity retrieval system,
meaning the association between text and (implicit)
entities is fixed and not learned from training data.

Retrieval in the Scientific Domain. Information
retrieval in the scientific domain has attracted in-
creasing attention in recent years. Early work (EI-
Arini and Guestrin, 2011) proposed recommenda-
tion methods for scientific articles using features
such as citation links and shared authorship. Moti-
vated by the multifaceted nature of scientific texts,
aspect-based representations have been explored
(Jain et al., 2018; Neves et al., 2019; Chan et al.,
2018; Kobayashi et al., 2018; Mysore et al., 2021a).
Another line of research emphasizes the importance
of research concepts-aware representation (Kang
et al., 2024, 2025), to which CASPER belongs.
Building upon the foundations laid by prior studies,
our work introduces two key distinctions: 1) we

propose a sparse retrieval model, whereas existing
work focuses on dense retrieval; 2) CASPER is
trained end-to-end and learns to discover concepts
directly from data, while prior methods rely on ex-
ternal systems (such as LLMs) for their concept
representation.

Regarding the supervision signals to train scien-
tific IR models, existing research have introduced
citation-based document representations (Cohan
et al., 2020; Singh et al., 2023), where models
are trained on pairs of papers linked by a citation.
However, citation links can be a noisy proxy for
semantic relevance, therefore Mysore et al. (2021a)
propose co-citation, a more accurate source of su-
pervision. Another source is user queries and in-
teraction data, exemplified by SciRepEval Search
(Singh et al., 2023). Our work leverages scholarly
references, which we define as signals within the
literature that connect and describe academic ar-
ticles at the concept level. These signals are not
only easy to obtain, but are also rich as they capture
research concepts of articles in different settings.

Keyphrase Generation. Keyphrase generation
involves producing phrases that capture the core
concepts of a text. Prior work typically formu-
lated as a supervised sequence-to-sequence learn-
ing task (Meng et al., 2017). Although keyphrases
have proven useful for scientific retrieval (Boudin
et al., 2020), focused research on keyphrase gen-
eration to enhance retrieval remains limited. No-
table exceptions explore the use of keyphrases for
query and document expansion (Wu et al., 2022;
Do et al., 2025). Our work lies in the intersection
of keyphrase generation and information retrieval.
Specifically, CASPER is a sparse retrieval model
that explicitly represents documents and queries us-
ing keyphrases, thereby integrating the capabilities



of a keyphrase generation model within a retrieval
framework.

3 Preliminary: SPLADE

Architecture. SPLADE (Formal et al., 2021b,a) is
a sparse represetation method that predicts term im-
portances for query/document in the BERT (Devlin
et al., 2019) token vocabulary space V;. In particu-
lar, given an input document d, let wfj denotes the
importance of token j € V; given token ¢ € d, pre-
dicted by the Masked Language Modeling (MLM)
layer. The importance wf of j given d is computed
with max pooling

w? = maxlog(1 + ReLU(w;-jj)) (1)

i€d

Training. Training SPLADE requires a collection
of triplets (g;, d;",d; ), where g;, d;, d; respec-
tively denotes query, positive document and hard
negative document; the set of in-batch negatives is
denoted as {d; ; };. SPLADE is trained by optimiz-
ing a contrastive loss, with both in batch and hard
negatives; along with sparsity regularization

L = Lrank—18N +MLErops + ALbrops ()

es(qz‘,dzr)

Lyank—1BN = —log =
ran es(qi,dif)+es(qi,d;)+zj JRICHL )

(3)
where 5(¢,d) = Yy, wd w is the similarity
between query ¢ and document d, defined by the
dot product of their representation. Lrropgs is the
FLOPS regularizer to enforce sparsity, first intro-
duced in (Paria et al., 2020). For further details
on SPLADE, we encourage readers to refer to the
original papers (Formal et al., 2021b,a).

4 CASPER

In this section, we detail CASPER, a Concept-
integrAted SParsE Representation model for sci-

entific search; an overview is presented in Figure
2.

4.1 Keyphrase Vocabulary

CASPER representation units include tokens and
keyphrases. For tokens, we follow previous work
and use BERT vocabulary. For keyphrases, we
build a common and comprehensive keyphrase vo-
cabulary, which we detail in this section.

Scientific corpus. We start with the S20RC corpus
(Lo et al., 2020), which include 81.1M academic

papers, spanning across multiple disciplines. From
this corpus!, we sample 10M papers, using the
concatenated title and abstract of each as the source
text. We denote the resulting collection as D =
{dy,da,...}.

Extracting keyphrases from corpus texts. To
ensure building a vocabulary containing common,
widely used keyphrases, we extract them from cor-
pus texts using a keyphrase extraction algorithm.
In particular, we employ ERU-KG (Do et al., 2025),
which is not only effective but also time-efficient
(an attribute that is important in our case as there
are millions of articles to process). Using the ex-
traction mode of ERU-KG?, we extract a set of
keyphrases kg, for each document d; € D.
Forming the vocabulary. We aim at a keyphrase
vocabulary that is comprehensive, so that docu-
ments can be effectively represented with these
keyphrases. To achieve this, we model vocabulary
construction as an instance of the maximum cover-
age problem (Nemhauser et al., 1978; Hochbaum,
1997). After obtaining KCg, for all d; € D, we form
a document set Dy, = {d; € D | k € Kg4,} for
each keyphrase k. From the set of all candidate
keyphrases, K = 4;ep Ka;» our goal is to select
a subset V, C K of predetermined size |Vj| that
solves the following optimization problem

max | U Dy| ()

keVy,

where |V} is a hyperparameter and |V}| < |K].

As this problem is NP-hard (Nemhauser et al.,
1978; Hochbaum, 1997), we approximate the solu-
tion using a greedy algorithm (Hochbaum, 1997).
In particular, Vj is constructed by repeatedly
adding the keyphrase that appears in the most pre-
viously uncovered documents until it reaches the
predetermined size.
Integration of the keyphrase vocabulary. We
augment the BERT vocabulary with the keyphrases
in Vj, treating each as a new token. Because these
newly added keyphrase tokens have randomly ini-
tialized embeddings and MLM parameters, we fur-
ther pretrain the modified BERT model, using the
MLM training objective, to help it learn effective
representations for the keyphrases. We continue to
pretrain the BERT model using the scientific article
collection D.

'We utilize the pre-processed version provided by sentence-
transformers: https://huggingface.co/datasets/

sentence-transformers/s2orc
%setting v, 8 = 1 as in the original paper
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4.2 Pooling Strategy

SPLADE leverages max pooling to determine the
importance of individual vocabulary tokens, which
has been empirically shown to outperform sum
pooling in retrieval tasks (Formal et al., 2021a).
Nevertheless, this approach may not fully capture
the relevance of research concepts. Max pooling
excels at identifying the most salient tokens, since a
vocabulary token is included in the representation if
it receives a strong activation from any input token.
However, this does not necessarily align with how
research concepts operate within scientific texts,
where the relevance of a concept is often indicated
by its consistent significance across a document.
With this in mind, we propose a hybrid pooling
strategy: max pooling for vocabulary tokens to
preserve SPLADE’s benefits, and sum pooling for
concepts to better reflect their importance.

4 Jmaxieqlog(l+ReLU(wf))), ifj €V,
wsr =
7 | Xiealog(l + ReLU(wf))),  ifj € Vi

4.3 Training CASPER

Although tokens and keyphrases both act as repre-
sentation units, they encode different information.
Specifically, token-based representations reflect
fine-grained distinctions, whereas keyphrase-based
representations capture differences in research con-
cepts. This motivates decoupling the training for
each representation type, where each type is trained
with different negative examples, so that token- and
keyphrase-based representations are trained to dif-
ferentiate on suitable granularity.
Formally, the ranking loss is defined as

&)

Lrank—18N = ML 155 + N Ly rpn - (6)

where Eﬁank_IBN, Effank_IBN are ranking losses
for training token and keyphrase-based representa-
tion, respectively. Ei ank—_1pN 18 defined the same
as in Eq. 3, where the negative documents include
both in-batch and hard negatives. In-batch nega-
tives are essentially random negatives and are likely
to be different from positive documents in terms of
fine-grained details and research concepts. Hard
negatives likely share similar research concepts but
are different from positive documents in terms of
fine-grained details. We define £F_, ;5\ simi-
lar to Li ank—1p N but without the hard negative
document in the denominator. The reason is that
we want keyphrase-based representation to capture
differences in research concepts.

4.4 Inference

At inference time, a document d is ranked based
on their similarity with query ¢ in terms of fine-
grained details and research concepts. Specifically,
documents are ranked based on the following func-
tion

S(a.d) = s'(q.d) + B s"(q.d) (D)

where 3 is a hyperparameter that controls the in-

fluence of the concept-level similarity. st(q,d) =
d,\d k _ dyd

> jey, wjw; and s"(q, d) =D jevi wiwy i the

token and concept matching score, respectively.

4.5 CASPER for Keyphrase Generation

Beyond retrieval, CASPER’s sparse representa-
tions can be adapted for keyphrase generation. By
ranking noun phrases extracted from the document
against CASPER’s sparse weights, we can identify
present keyphrases. Simultaneously, highly acti-
vated keyphrases k € V} in the sparse vector that
do not appear in the text serve as absent keyphrases.
We provide further details in Appendix A.

5 FRIEREN

In this section, we describe FRIEREN, a framework
for mining FRee scIEntific REtrieval supervisioN.
FRIEREN mines queries from four sources, namely
co-citations, citation contexts, author-assigned
keyphrases and titles. We provide an example of
these four sources in Figure 1. Queries mined from
these sources are then used to augment user queries,
creating a dataset for training. Formally, we aim
to build a collection of triplets, denoted as 7 =
{(gi,d;, d; )}‘ZZ'1 Here, g; denotes a query and
d;r, d;” denotes the corresponding positive and hard
negative document.

User queries. We utilize SciRepEval Search?
(Singh et al., 2023). Each query g; in this set is
associated with a list of candidates and their rele-
vance scores. We select candidates whose scores
> 1as d. Then, a negative document d;  is ran-
domly chosen among those whose scores are 0.
Co-citations. Using the full-text S20RC corpus?,
we identify citation groups within each paper. From
each group, we randomly select two articles: one’s
title serves as the query ¢;, and the other’s con-
catenated title and abstract serves as the positive
document d;r. The hard negative d; is an article

*https://huggingface.co/datasets/allenai/
scirepeval/viewer/search/train
*https://github.com/allenai/s2orc
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‘SciFact SCIDOCS NFCorpus DORIS-MAE CSFCube ACM-CR LitSearch RELISH | AVG

NDCG@10

BM25 67.9 14.9 322 20.8 5.8 31.2 40.2 60.9 342
SPECTER2 63.9 17.1 24 16.3 5 22.3 332 59 30.1
E5-base-v2 714 18.9 35.5 16.9 53 28.7 40.2 65.3 353
DyVo 68.2 15.3 345 9.6 6.5 26.6 40.5 59.9 32.6
ColBERT 65.7 14.7 30.9 20.1 49 28.5 37.6 60.1 32.8
SPLADEv2 63.8 14.9 32 17.2 53 272 42.8 60.6 33

CoIBERTERIEREN 70.4 16.8 33 23.9 5.7 34 46.2 66.9 37.1
SPLADEV2pRIEREN 714 16.8 27.1 17.8 4.6 33.8 41.6 65.1 34.8
SPLADEV2J3ids v 70.5 16.9 28.4 20.8 53 32.1 43.8 64.7 353
CASPER 70.2 18.8 322 21.3 55 342 46.8 65 36.8
CASPER++ 70.6 18.5 342 237 5.6 36.7 49 65.5 38

Recall@100

BM25 92.5 34.8 24.6 34.4 16.7 55.9 74.4 71.8 50.6
SPECTER2 94.6 45.7 25 34.4 26.8 53.1 72 60.3 51.5
E5-base-v2 95.3 42.8 31.8 35.1 22 59.7 76.4 70 54.1
DyVo 93.4 36.3 28.5 154 20.9 53.1 75.9 66.8 48.8
ColBERT 88 34.2 27 339 17.5 51.9 72.5 63.4 48.6
SPLADEV2 89.3 35 26.8 352 17.8 54.4 75.8 66.9 50.2
ColBERTERIEREN 95.6 41.5 29.5 422 24.3 60.8 79.2 74 55.9
SPLADEV2ERIEREN 95.7 42.5 27.2 39.3 232 62.7 78.6 72.4 55.2
SPLADEV2}Sids o\ 95.3 41.7 30.4 40 20.7 63.6 79.1 73 55.5
CASPER 95.8 43.5 319 41.6 252 65.6 82.1 72.8 573
CASPER++ 96.1 43 319 47.3 23.1 66.2 82.4 75.1 58.1

Table 2: Retrieval performance on eight benchmark datasets. We report performance using nDCG@ 10 and
Recall@100 (in percentage points). The best and second best results are bolded and underlined, respectively. We

also provide Recall @ 1000 performance in Table 4.

cited elsewhere in the same paper but outside that
specific citation group.

Citation contexts. The sentence in which a pa-
per is cited often summarizes its key contribution
as perceived by other authors. For each full-text
document within the S20RC corpus, we extract
the citing sentences treat them as queries ¢;. The
cited paper’s title and abstract form the positive
document d;f, while a hard negative d; is another
paper cited elsewhere in the same document.

Author-assigned keyphrases. Keyphrases reflect
an author’s own view of their work’s core con-
cepts. We utilize two keyphrase generation datasets
namely KP20K (Meng et al., 2017) and KPBioMed
(Houbre et al., 2022), where documents are anno-
tated with author-assigned keyphrases. For each en-
try, the comma-separated list of keyphrases serves
as q;, the paper itself as the positive document d;r,
and a randomly sampled document from the same
dataset acts as the negative d; . We note that while
random sampling yields easy negatives, we adopt
this approach due to the lack of reliable heuristics
for identifying hard negatives for this data type.

Titles. A document’s title is a concise, author-
provided summary of its content. Again, using the
S20RC corpus, we treat each paper’s title as g;
and its corresponding abstract as df. The negative
document d;" is the abstract of a paper cited within
the full text of the source document.

6 Experiments

6.1 Datasets & Evaluation Metrics

We utilize a total of eight scientific retrieval
datasets. Among them, three are sourced from the
BEIR benchmarks (Thakur et al., 2021), namely
SciFact (Wadden et al., 2020), SCIDOCS (Cohan
et al., 2020) and NFCorpus (Boteva et al., 2016).
The other five include DORIS-MAE (Wang et al.,
2023), CSFCube (Mysore et al., 2021b), ACM-CR
(Boudin, 2021), LitSearch (Ajith et al., 2024) and
RELISH (Brown and Zhou, 2019). Table 3 summa-
rizes the statistics of the evaluation datasets used
in our experiments. To measure retrieval effec-
tiveness, we employ nDCG@ 10 and Recall@100.
We select nDCG@10 as the standard metric for
ranking quality, while Recall@100 is included to
evaluate the model’s suitability as a first-stage re-
triever, as rerankers typically process the top-100
documents (Thakur et al., 2021). Unless noted,
results represent a single run.

6.2 Retrieval Performance Evaluation

Baselines. To ensure a fair comparison, we se-
lect models with comparable parameter counts
namely SPECTERv?2 (Singh et al., 2023), E5-base-
v2 (Wang et al., 2022), Dy Vo (Nguyen et al., 2024),
SPLADEvV2-max (Formal et al., 2021a), and Col-
BERT (Khattab and Zaharia, 2020), along with
BM25. Additionally, we introduce CASPER++, a



simple ensemble of CASPER and BM25 obtained
by summing their scores, following the approach
of (Formal et al., 2022).

We also include versions of SPLADEv2-
max and ColBERT finetuned on the FRIEREN
dataset, denoted as SPLADEvV2priereny and
ColBERTFERIEREN, respectively. This setup serves
two main purposes: 1) to assess the contribution
of FRIEREN by comparing these models to their
original versions; and 2) to ensure CASPER is
evaluated against baselines trained under identical
conditions. For both models, we employ similar
hyperparameters as in the original papers, modify-
ing only the training batch size to 20 and maximum
sequence length to 256 to match CASPER’s con-
figurations. We provide further details regarding
implementations of baseline methods in §B.2.
Comparison with baselines. The performance
of our proposed method and the baselines are pre-
sented in Table 2. When compared to baselines not
trained with FRIEREN, CASPER achieves better
performance in terms of both nDCG@10 and Re-
call@100. Notably, CASPER surpasses E5-base-
v2, despite the latter being trained on a much larger
dataset.

CASPER demonstrates good performance when
compared to baselines trained with FRIEREN.
In terms of nDCG@10, CASPER outperforms
SPLADEV2prigren, but slightly falls behind
ColBERTV2grigren. In terms of Recall@100,
CASPER outperforms both models. Overall, this
demonstrates that even when trained on identical
data, CASPER surpasses other strong baselines, in-
dicating that the concept-integrated representation
we introduce provides a tangible advantage.

To verify that performance gains are driven by
the concept-integrated representation rather than
just the expanded vocabulary, we conducted an ad-
ditional comparison. In particular, CASPER was
evaluated against SPLADEv2¥s - a version of
SPLADEV2grigreN that included an extra vocab-
ulary of 30k most common English words in D
but not present in BERT’s token vocabulary. This
enhanced SPLADEvV2 underperforms relative to
CASPER, which further supports the effectiveness
of the proposed concept-integrated representation.
FRIEREN generates suitable training data for
scientific document search. Comparing baselines
trained with FRIEREN to their original counter-
parts, we find that models trained with FRIEREN
generally achieve competitive nDCG@10 and
higher Recall@100. Overall, this shows that train-

ing data generated by FRIEREN is indeed benefi-
cial for training scientific text retrievers.
Effectiveness of CASPER++. Finally, examin-
ing the performance of CASPER++, we observe
that it surpasses CASPER, and also all evaluated
baselines. This improvement demonstrates that
integrating BM25 continues to provide comple-
mentary benefits to CASPER, which is consistent
with the observation made in (Formal et al., 2022).
Notably, for this integration, we tokenize inputs
using CASPER’s tokenizer, and therefore allow
BM25 to operate on sequences of both tokens and
keyphrases.

nDCG@10 R@100

-
o

11.73%

-
o

©

Performance Drop (%)
= o

N

o

B -keyphrase . -title
EEm -cocitation . -query
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Figure 3: Retrieval performance drop as different data
sources are removed.

6.3 Keyphrase Generation Performance

We evaluate CASPER on five standard benchmarks
using the KPEval framework (Wu et al., 2023).
Compared to CopyRNN (Meng et al., 2017), a
strong seq2seq baseline, CASPER falls slightly be-
hind in semantic F1. However, it generates more
diverse keyphrases and is more than three times
faster. A full experimental setup, quantitative re-
sults, and a qualitative case study comparing the
two models are detailed in Appendix A.

6.4 Impact of Data Sources

In this section, we aim to understand the contri-
bution of each data source within the FRIEREN
framework to CASPER’s overall performance.
Specifically, we train five versions of CASPER,
each by removing one type of data from the full
training set. Results are presented in Figure 3,
which shows that all data sources contribute pos-
itively to the final model, as omitting any single
type leads to a decrease in performance.

Among the data types, user queries is the data
type that results in insignificant performance drops
across both evaluation metrics, indicating that the
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Figure 4: Trade-off between effectiveness (nDCG @ 10) and efficiency (Disk Space and Latency) for CASPER,
CASPER++ (at varying pruning levels), and baselines. nDCG@ 10 is averaged across eight benchmark datasets.
Efficiency metrics (Disk Space in GB; Latency in ms) are measured on CSFCube, the largest dataset, using a
single-threaded CPU. Latency values exclude encoding time and are averaged over three runs.

contribution of user queries is limited. This obser-
vation further supports our argument regarding user
queries and interaction data being an inadequate
source of supervision for training retrievers in the
scientific domain. In contrast, citation contexts and
co-citations emerge as the most important sources
of information, since removing either results in
a substantial reduction in performance. Notably,
both citation contexts and co-citations are readily
available and can be scaled up with ease, unlike
user queries, which are more challenging to collect
and contribute less to the final outcome.

6.5 Efficiency

We investigate the impact of pruning CASPER’s
query and document representations on both effec-
tiveness and efficiency. To prune a sparse vector
w, we retain its c-mass subvector, following the
definition proposed by Bruch et al. (2024). We con-
duct experiments with o € {0.8,0.9,1.0}, where
a = 1.0 represents the default CASPER.

Figure 4 illustrates the trade-off between re-
trieval effectiveness and efficiency across vary-
ing pruning levels, alongside competitive base-
lines. Regarding storage efficiency, we observe
that sparse modeling baselines are superior to their
dense counterparts, requiring significantly less disk
space. In terms of latency, most models are com-
parable, clustering within the 200 to 600ms range.
While the default CASPER (o = 1.0) exhibits
higher latency, the pruned variants (o € {0.8,0.9})
achieve competitive inference speeds without com-
promising retrieval performance.

6.6 Ablation Studies

We summarize our key ablation studies in this sec-
tion. First, in §D.1, we examine the impact of the
concept-level score by varying 3 (see §4.4); our
results indicate that concept-based matching yields
optimal performance when it complements, rather
than dominates, token-based matching. Second,
in §D.3, we analyze the effect of keyphrase vo-
cabulary variations. We find that an intermediate
vocabulary size is most effective; and that ensuring
comprehensiveness during vocabulary construction
(see §4.1) is necessary. Finally, supporting our
discussion in §4.2, we empirically demonstrate in
§D.2 that sum pooling outperforms max pooling
for generating concept representations.

7 Conclusion

In this paper, we present CASPER, a sparse model
for scientific document retrieval designed to repre-
sent queries and documents by their research con-
cepts and match them at both granular and concep-
tual levels. We also propose FRIEREN, a frame-
work that mines data from scholarly references
to overcome the lack of suitable supervision sig-
nals for scientific document search. Through exten-
sive experiments, we show that CASPER generally
outperforms strong baselines across eight scien-
tific retrieval benchmarks. We also explore the
effectiveness-efficiency trade-off via representation
pruning and demonstrate CASPER’s interpretabil-
ity by showing its utility in the task of keyphrase
generation.



Limitations

We acknowledge several limitations in our cur-
rent work. First, we did not incorporate knowl-
edge distillation techniques, as explored in prior
studies (Formal et al., 2021a; Santhanam et al.,
2022b). Applying distillation from strong cross-
encoders or LLMs could likely further enhance
the performance of CASPER and other baselines
trained on FRIEREN. Second, computational con-
straints limited the scale of our experiments; al-
though FRIEREN is capable of generating exten-
sive training data, we have not yet explored the
effects of scaling up to larger models and datasets.
We leave these investigations to future work.

Finally, CASPER operates on a fixed keyphrase
vocabulary, requiring retraining to incorporate new
or modified concepts. In contrast, approaches like
DyVo (Nguyen et al., 2024) offer greater flexibil-
ity by retrieving entities and scoring them based
on their descriptions. However, DyVo relies on
a frozen retriever and lacks end-to-end optimiza-
tion. A promising direction for future research is
to bridge this gap, combining CASPER’s effective
end-to-end learning with the dynamic flexibility of
description-based models.
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A CASPER for Keyphrase Generation

In this section, we show that through simple post-
processing, CASPER can be used for the keyphrase
generation task, which aims to identify present and
absent keyphrases given a text d. Keyphrases gen-
erated by CASPER can be used to interpret its
representations.

Present keyphrases. This type of keyphrases can
be found within the input text. To identify present
keyphrases, we first extract noun phrases from d to
form a candidate set C' = {c¢; };. Next, we obtain
sparse representation of d produced by CASPER
w? = {w}i} jeviuvi,- Then, highest-ranked can-
didates are chosen to be keyphrases, where the
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ranking function is defined as
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Here, v and wy(c;) are inspired by (Do et al.,

2025). The former is a hyperparameter that con-
trols the preference towards longer candidates,
while the latter is applied to favor candidates that
appear earlier in the text. Py(c;) is the offset po-
sition, computed by the number of words that pre-
cedes ¢; in d. We note that the candidate ¢; is tok-
enized over the combined vocabulary V; U V}.. For
example, “unsupervised machine learning”, can
be tokenized into (“un”, “##su”, “H#per”, “H##vis”,
“##ed”, “machine learning”).
Absent keyphrases. Simultaneously, ab-
sent keyphrases are identified by selecting the
keyphrases from V}, that are not in the document
but possess the highest activation weights w,f, in
the sparse vector. A key advantage of this method
is its exceptional speed. Specifically, by not re-
lying on sequence-to-sequence generation (Meng
et al., 2017) or external phrase retrieval for absent
keyphrases (Do et al., 2025), CASPER offers a
time-efficient generation capability.

’cz| -
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B Implementation Details

B.1 CASPER

We initialize CASPER using DistilBERT},s.. Un-
less otherwise specified, the keyphrase vocabulary
size is set to |Vx| = 30k. After incorporating
keyphrases into the base model (see §4.1), we con-
duct continual pretraining with a batch size of 64,
a learning rate of 2 x 10~?, and a total of 70k steps.
To prioritize effective learning of new keyphrase to-
kens, we modify the masking strategy: within each
sequence, 85% of keyphrase tokens are selected for
prediction, while the rest of the masking procedure
follows the original BERT methodology.
Following pretraining, we finetune CASPER us-
ing training data generated by FRIEREN (§5). To
generate the dataset, we use only the first 7% of the
S20RC corpus5 (20 files out of a total of 298 files).
We sample a maximum of 1.5 million triplets per
data type to manage resource usage and prevent
over-representation of larger categories. As some

Shttps://github.com/allenai/s2orc
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types are smaller (e.g., title with 330,000 triplets),
the resulting dataset yields 3.6 million triplets.
Hyperparameters for finetuning largely follows
the settings described in (Formal et al., 2021b),
with some adjustments. Specifically, we use a batch
size of 20 due to resource limitations. For all exper-
iments, we set \; = 3 x 107%and \y =1 x 1074
(see Eq. 2), while for the ranking loss, we set
A+ = 1 and A\; = 2 (see Eq. 6). During inference,
unless otherwise specified, we use 8 = 0.25.

B.2 Baselines Implementation Details

We utilize the public pretrained models of
SPECTERV2°, E5-base-v2’ and SPLADEv2-max®.
Our setup differs only in that we initialize with
DistilBERT-base, use a batch size of 20, and train
on MS MARCO using BM25 hard negatives, con-
sistent with the SPLADE training protocol (Formal
et al., 2021b,a). During inference, we employ the
PLAID engine (Santhanam et al., 2022a) for both
ColBERT and ColBERTERrigreN. Finally, for Dy Vo
(Nguyen et al., 2024), we train the model using the
official repository and report results for the Dy Vo-
BM2S5 variant.

B.3 Processing CSFCube

For the CSFCube dataset, which provides rele-
vance judgments for three aspects (“background,”
“method,” and “result””), we combine these judg-
ments into a single dataset (with 127, 73, and 81
judgments for each aspect, respectively). Queries
with relevance judgments for multiple aspects are
treated as distinct queries.

B.4 Computational Resources

We conduct all our experiments on a server with
NVIDIA Ampere A40 GPUs (300W, 48GB VRAM
each), along with two AMD EPYC 7302 3GHz
CPUs and 256 GB of RAM. We employ 1 GPU at
a time for all experiments.

C Keyphrase Generation Evaluation

To evaluate CASPER’s keyphrase generation per-
formance, we utilize five widely used keyphrase
generation datasets: SemEval (Kim et al., 2013), In-
spec (Hulth, 2003), NUS (Nguyen and Kan, 2007),
Krapivin (Krapivin et al., 2009), and KP20K (Meng
et al., 2017). For evaluation metrics, we adopt se-
mantic F1 (SemF1), semantic recall (SemRecall),
®https://huggingface.co/allenai/specter2_base

"https://huggingface.co/intfloat/e5-base-v2
8https://huggingface.co/naver/splade_v2_max
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Information Retrieval

Dataset name ‘ #Query #Corpus AvgD/Q
SciFact 300 5,183 1.1
SCIDOCS 1,000 25,657 4.9
NFCorpus 323 3,633 38.2
DORIS-MAE 100 363,133 16.4
CSFCube 50 776,070 5.64
ACM-CR 552 114,882 1.8
LitSearch 597 64,183 1.1
RELISH 1,684 163,170 80
Keyphrase Generation

Dataset name | #doc  #kps/doc  %absent
SemEval 100 15.2 59.7
Inspec 500 9.8 22
NUS 211 11.6 493
Krapivin 460 5.7 51.2
KP20K 19,987 5.3 44.7

Table 3: Statistics of evaluation datasets

and diversity (emb_sim), as provided by the KPE-
val evaluation framework (Wu et al., 2023). In our
evaluation, predictions are generated by selecting
the top 5 present and top 5 absent keyphrases for
each instance, resulting in a set of 10 predicted
keyphrases per document.

Table 5 presents CASPER’s performance on the
keyphrase generation task. For comparison, we
evaluate against CopyRNN (Meng et al., 2017),
a well-established seq2seq keyphrase generation
model, using the implementation from (Do et al.,
2023). CASPER attains 86% of CopyRNN’s
semantic F1 score, reflecting weaker agreement
with ground-truth keyphrases. However, CASPER
achieves 94% of CopyRNN’s semantic recall and
generates substantially more diverse keyphrases,
suggesting that precision is the more major con-
tribution of CopyRNN’s higher F1, which may be
partly due to generating repetitive or highly sim-
ilar phrases. Although not being able to outper-
form CopyRNN in terms of groundtruth agreement,
CASPER offers significant practical advantages,
as it is more than three times faster and generates
more diverse keyphrases.

To supplement the automatic metrics, Table 6
presents the keyphrases generated by each model
for a sample document. Both systems gener-
ate reasonable present keyphrases, but they differ
when it comes to absent keyphrases. CopyRNN
mainly forms absent phrases by recombining exist-
ing terms, whereas CASPER proposes truly novel
phrases, one of which (“computer vision”) matches
the ground-truth annotation. In addition, Copy-
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Figure 5: Retrieval performance (averaged across eight
datasets) with different values of 8

RNN tends to generate keyphrases that are similar
(“nearest neighbor search” and “nearest neighbor”;
“mobile robot vision” and “robot vision’’), which
supports our analysis above.

D Ablation Studies

D.1 Influence of Concept-based
Representation

As described in §4.4, the final ranking score in
CASPER is computed as a combination of token-
level and keyphrase-level (concept-level) scores.
To assess the impact of the concept-level score
on overall performance, we vary the weighting
parameter 5 (see Eq. 7) across five values:
{0,0.25,0.5,0.75,1}.

The results, illustrated in Figure 5, reveal that
CASPER achieves its highest performance at 8 =
0.25. Notably, when concept-based matching is
not used (8 = 0), the performance of CASPER
drops significantly. Conversely, a 5 with value
beyond 0.25 also results in a continuous decline
in performance as it is increased. These findings
indicate that, while concept-based matching pro-
vides clear benefits, it should complement rather
than dominate token-based matching for optimal
results.

D.2  Sum vs Max Pooling

To support our discussion in §4.2 on the effect
of apply sum versus max pooling for forming
concept-based representation, we train a version
of CASPER where max pooling is used instead
of sum pooling. The results, presented in Table
7, show that the default version which uses sum
pooling achieves better performance.

D.3 Ablation Studies of Keyphrase
Vocabulary

It is important to understand the impact of differ-
ent keyphrase vocabularies to the final outcome of
the model. In this section, we investigate: 1) how



SciFact SCIDOCS NFCorpus DORIS-MAE CSFCube ACM-CR LitSearch RELISH | AVG
Recall@1000

BM25 97.7 56.4 37 77.1 46.4 71.5 90 934 71.2
SPECTER2 99.7 77.8 59.7 70.9 53.8 76.1 87.1 90 76.9
E5-base-v2 99.7 70 64.7 69.6 54.4 77.6 914 93.6 77.6
DyVo 99.0 59.3 524 38.5 44.6 72.1 90.6 90.6 68.4
ColBERT 96 57 453 65.9 44.8 70.4 87.6 838.2 69.4
SPLADEvV2 97.7 57 52.2 65.6 43 734 92.8 91 71.6
ColBERTV2griEREN | 99.3 66.5 56.1 77 52.7 81.2 91.6 94.8 774
SPLADEV2ERIEREN 99.3 68.4 57.7 76.9 54.6 79.6 93 94.8 78
SPLADEv2}erds - 98.7 68.8 62.1 75.7 54.7 80.6 93.3 95.2 78.6
CASPER 100 70.6 63.1 77.1 60.2 81.3 94.9 95.4 80.3
CASPER++ 100 69.3 63.5 81.5 579 82.6 94.8 926 80.7

Table 4: Recall@1000 of baselines on eight retrieval benchmarks. The best and second-best results are bolded and

underlined.

\ CopyRNN \ CASPER
Diversity Diversity
SemF1T SemR?T (emb__sim) SemF11 SemRf (emb_sim))

Inspec 55.0 52.5 23.8 52.6 53.7 13.0
NUS 57.8 55.0 28.3 49.3 50.9 13.1
Krapivin 54.2 57.2 243 4922 49.7 109
SemEval 50.4 43.0 24.8 46.7 42.1 12.5
KP20K 54.1 57.2 26.0 439 51.7 11.9
AVG 54.3 53.0 25.4 47.0 49.6 123
Throughput? | 11 (doc/s) \ 36.3 (doc/s)

Table 5: Keyphrase generation performance on five
benchmark datasets, with SemF1, SemR, and emb_sim
reported in percentage points. T indicates higher is bet-
ter, and | indicates otherwise. Throughput, measured
in documents per second (doc/s), is averaged over five
runs

Document Keyphrases

Title: Adaptive road detection
via context-aware label transfer.

CopyRNN:

Abstract: The vision ability is
fundamentally important for a
mobile robot. Many aspects
have been investigated during
the past few years, but there
still remain questions to be an-
swered. This work mainly fo-
cuses on the task of road detec-
tion, ...

CASPER:

Targets:

Table 6: Keyphrases generated for an example docu-
ment, by CopyRNN and CASPER. Highlighted in

and are present and absent keyphrases, respec-
tively

Sum ‘ Max
NDCG@10 R@100 | NDCG@10 R@100
36.8 573 | 357 56.2

Table 7: Average retrieval performance across eight
datasets when sum and max pooling are employed for
concept-based representation
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Variation | NDCG@10 R@100
Main model
|Vi| = 30k | 3638 57.3
Varying vocabulary size
[Vi| = 5k 36.2 56.3
[Vi|= 15k 37.1 57.2
[Vi| = 60k 35.6 55.8

Frequency based keyphrase vocabulary

Frequency-based

keyphrase vocab 36.2

56.8

Table 8: Retrieval performance of CASPER with dif-
ferent keyphrase vocabularies. We report the average
retrieval performance across eight datasets

varying the size of the keyphrase vocabulary affects
effectiveness; and 2) whether explicitly ensuring
comprehensiveness is essential in constructing the
vocabulary, or if simply selecting the most frequent
keyphrases suffices (since a vocabulary including
the most frequent keyphrases is also comprehen-
sive to a certain extent). To explore this, we train
three additional versions of CASPER with |V}| =
5k, 15k and 60k. Furthermore, we train another
version of CASPER whose vocabulary are formed
by selecting the most frequent 30k keyphrases.

The results, presented in Table 8, show that
CASPER achieves the best performance with the
default vocabulary setting. Firstly, analyzing per-
formance as we vary vocabulary size, intermediate
vocabulary sizes (|Vx| = 15k and 30k) yield better
results than either very small (|Vj| = 5k) or very
large (|Vi| = 60k) vocabularies. The results sug-
gest that the best performance is achieved when the
keyphrase vocabulary is both common and com-
prehensive. In particular, a vocabulary that is too
small is not comprehensive and therefore may lack



Mode ‘ #Training data ‘ NDCG@10 R@100

600k 25.1 50.8
single 1.5M 24.9 53.3
2.9M 254 52.2
600k 242 50
multi 1.5M 25.2 525
3.6M 27 53.6

Table 9: CASPER performance in multi and single
disciplinary setting. We report average performance
across the four Computer Science retrieval benchmarks,
namely DORIS-MAE, CSFCube, LitSearch and ACM-
CR

descriptive power (as it does not allow represent-
ing key concepts of many documents). On the
other hand, one that is too large introduces specific,
low-frequency keyphrases, which not only make it
harder to train the model but also offer limited bene-
fit regarding the enhancement of the representation
space, as they produce matches fewer documents.
Secondly, the variant using the 30k most fre-
quent keyphrases exhibits similar recall to the de-
fault but lower nDCG. This result suggests that
there are benefits in explicitly optimizing compre-
hensiveness when building keyphrase vocabulary.

D.4 Multi versus Single Disciplinary

In this section, we evaluate CASPER’s perfor-
mance under two scenarios: single-disciplinary and
multi-disciplinary training. Specifically, we inves-
tigate the performance of CASPER when tailored
to a single discipline (specifically Computer Sci-
ence in this study) versus when it is trained across
multiple scientific fields.

To test this, we create a Computer Science-
specific version of CASPER following the same
procedure as the default model, with two key dif-
ferences: 1) the keyphrase vocabulary Vj is con-
structed using only the Computer Science subset
of D, and continuous pretraining is performed also
on this subset; 2) using FRIEREN, we generate
a Computer Science training dataset by retaining
only triplets where the positive document belongs
to the Computer Science domain’. This results in a
training set of comparable size (2.9M) to the one
used to train the default model (3.6M).

We evaluate both versions across three train-
ing data scales: 600k, 1.5M triplets, and full
(3.6M for multi-disciplinary and 2.9M for single-
disciplinary). For fair comparison, we conduct

To determine if a document belongs to the Computer

Science domain, we utilize the “fieldsOfStudy” field returned
by Semantic Scholar API
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experiments on four retrieval benchmarks whose
main theme is Computer Science, namely DORIS-
MAE, CSFCube, LitSearch and ACM-CR. The
results, presented in Table 9, reveal an interesting
pattern. When trained on 600k triplets, the single-
disciplinary CASPER consistently outperforms its
multi-disciplinary counterpart. However, as train-
ing data increases, the multi-disciplinary version
improves and eventually achieves slightly superior
performance when using 3M triplets. This suggests
that while domain-specific training provides ad-
vantages with limited data, the multi-disciplinary
approach benefits more from increased training
scale. We attribute this to cross-domain knowledge
transfer, where knowledge from different domains
complement one another to achieve better results.
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