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Abstract
The MedCPT model has demonstrated that
strong biomedical retrievers can be trained us-
ing proprietary PubMed search logs. In this
work, we study whether freely available cita-
tion sentences are sufficient to train similarly ef-
fective models. We construct a large-scale train-
ing dataset of ~62 million citation sentence-
abstract pairs extracted from PubMed Central.
We train a lightweight BERT-based retriever-
reranker model called CiteRec on this dataset
and evaluate it across three benchmark settings:
(a) the biomedical subset of BEIR for informa-
tion retrieval, (b) SciRepEval for generalizable
scientific document embeddings, and (c) Ci-
tancePlus, a new set of ~90 thousand citation
sentence-abstract pairs for PubMed-scale cita-
tion recommendation.

We show that CiteRec performs competitively
with MedCPT on the biomedical BEIR subset
and outperforms it on SciRepEval. On Citance-
Plus, CiteRec achieves strong performance for
citation recommendation over the full PubMed
corpus, outperforming both MedCPT and a
substantially larger Qwen3-Embedding-8B re-
triever.

1 Introduction

Dense retrievers have become increasingly effec-
tive in first-stage information retrieval (IR) as
shown on several IR benchmarks (Thakur et al.,
2021; Muennighoff et al., 2023; Enevoldsen et al.,
2025). They also have been successfully adopted to
the biomedical domain (Jin et al., 2023; Sinha et al.,
2025). Dense retriever are trained using query-
document relevance pairs, which can be obtained
either from human-annotated datasets such as MS
MARCO (Bajaj et al., 2016) or BioASQ (Tsatsa-
ronis et al., 2015), or automatically mined pairs
like search engine logs (Jin et al., 2023; Rekabsaz
et al., 2021). Automatically mined relevance pairs
are much easier to obtain, however, they may lack
in quality compared to manually annotated pairs.

Citation graphs and citation edges provide another
potential source for automatically mining relevance
pairs (Cohan et al., 2020; Medić and Snajder, 2020;
Li et al., 2023), either using abstract-abstract, or
citation sentences-abstract pairs. In the following,
we call the sentence surrounding an in-text cita-
tion a "citance" (see examples in Table 1). These
citances are attractive supervision signals because
they often summarize or contextualize the cited
work, representing potential queries answerable
through the referenced document.

Among these sources, search logs have proven
particularly effective in training dense retrievers.
The MedCPT model (Jin et al., 2023) has demon-
strated that strong biomedical retrievers can be
trained using only PubMed search logs, highlight-
ing the effectiveness of large-scale weak supervi-
sion but relying on data that is not publicly avail-
able. In this work, we study whether freely avail-
able citances alone can provide sufficient super-
vision to train similarly effective models for both
citation recommendation and general biomedical
information retrieval. Prior work leveraging ci-
tances as training data (Medić and Snajder, 2020;
Gu et al., 2022) mainly focused their evaluation on
the citation recommendation task. In contrast, we
also evaluate their effectiveness for general biomed-
ical retrieval. For training our model, we use the
OPCitance dataset (Hsiao and Torvik, 2023) which
is derived from all citances and their referenced
PubMed IDs in PubMed Central full-text articles
published until May 2019. After pre-processing the
OPCitance dataset, our resulting dataset contains
about 62 million citance-abstract pairs.

We train a lightweight BERT-based retriever-
reranker model, CiteRec, on our dataset of citance-
abstract pairs. Despite relying solely on freely
available and partially noisy citation data, CiteRec
achieves competitive performance with MedCPT
on biomedical information retrieval in BEIR, out-
performs it on general scientific embedding tasks
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Query Relevant Document

The macroscopic appearance of the desmoid tumor is a
pale surface with scant vascularization.

(Janssen et al., 2017)

Carboxylation is a common strategy in the assimilation of
compounds that lack a functionalizable terminal carbon
group.

(Erb, 2011)

High-grade tumors and pre-operative urinary cytologypositive
cases are more likely to have recurrence.

(Yamada et al., 2009)

Table 1: Example citation sentences (citances) and their referenced documents from our training dataset.

and achieves strong results on citation recommen-
dation. Our contributions are summarized as fol-
lows:

• We train the CiteRec model, comprised of
a BERT-based dense retriever and cross-
encoder reranker, on a large corpus of over 60
million citance-abstract pairs collected from
PubMed Central.

• We systematically evaluate performance on a
diverse set of biomedical and scientific bench-
marks: (a) the biomedical subset of BEIR for
information retrieval, (b) SciRepEval for gen-
eralizable scientific document embeddings,
and (c) CitancePlus, a new citation recommen-
dation dataset mined from PubMed Central
after the OPCitance cutoff date, complement-
ing it with over 90 thousand unseen citance-
abstract pairs .

• We show that a lightweight BERT-based
retriever-reranker trained solely on ci-
tance–abstract pairs generalizes well across
tasks. The model performs competitively
with MedCPT on biomedical BEIR and out-
performs it on SciRepEval. On CitancePlus
citation recommendation, it outperforms
both MedCPT as well as substantially larger
decoder-based embedding models such as the
Qwen3-Embedding-8B retriever.

Our results suggest that citation sentences alone
provide a surprisingly strong supervision signal for
learning biomedical document representations.

The rest of the paper is structured as follows: We
give an overview of Related Work in Section 2 and
describe our training set and our model design in
Section 3. In Section 4, we show our evaluation
setup and how to reproduce our experiments. We
report our results in Section 5 and discuss ablation

studies in Section 6 before concluding our work in
Section 7.

2 Related Work

Scientific citations have been widely used as train-
ing data for generalizable document embedding
models. Prior work such as SPECTER (Co-
han et al., 2020) and SciNCL (Ostendorff et al.,
2022) learn document representations from ab-
stract–abstract citation pairs derived from the
global citation graph. To keep only high-quality
abstract pairs, (Liang et al., 2025) extend this ap-
proach by using the corresponding local citation
sentence to filter out potentially noisy pairs before
large language model training. In contrast to these
approaches, our model directly trains on citance-
abstract pairs instead of indirect abstract-abstract
supervision.

Leveraging citances for citation recommenda-
tion has been introduced by He et al. (2010). Cur-
rent models typically follow an IR workflow, con-
sisting of a first-stage retriever before reranking
the retriever results (Gu et al., 2022). Newer ap-
proaches (Medić and Snajder, 2020; Gu et al.,
2022) have incorporated the article title and ab-
stract to the query in addition to the citance for a
richer flow of information. In our work, we want
to examine how well such models perform not only
on citation recommendation but also on general
IR queries such as found in BEIR (Thakur et al.,
2021). Thus, we stick to shorter, asymmetrical
queries consisting of citances only.

Dense IR models are usually trained on large-
scale annotated datasets such as MS Marco (Bajaj
et al., 2016) and evaluated on annotated data as
well, such as the BEIR (Thakur et al., 2021) and
MTEB (Muennighoff et al., 2023) benchmarks. In
the biomedical domain, however, annotated data is
scarce motivating alternative sources. A key contri-
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bution in this direction is MedCPT (Jin et al., 2023)
which demonstrated that training biomedical re-
trievers solely on large-scale weak supervision data
from PubMed search and click logs achieves strong
performance on biomedical IR benchmarks. Med-
CPT establishes a strong baseline for biomedical
retrieval using weak supervision, but relies on pro-
prietary data. In contrast, we use citance-abstract
pairs mined from PubMed Central full-text articles
as a fully open alternative source of supervision,
enabling large-scale training without privacy con-
straints.

Besides domain-specific fine-tuning, recent ap-
proaches (Li et al., 2023; Xiao et al., 2023; Zhang
et al., 2025) have also explored scaling dense re-
trievers through larger models and larger training
datasets. The gte model family (Li et al., 2023)
employs a pre-training step by training first on au-
tomatically mined query-document pairs before
fine-tuning on high-quality, manually annotated re-
trieval pairs. Among the pre-training data, they
also employ a set of citance-abstract pairs from
the S2ORC corpus (Lo et al., 2020) as auxiliary
supervision signal. (Sinha et al., 2025) continue
fine-tuning the gte models on pairs of document
abstracts and synthetic queries targeting those. To
assess how weak supervision from one source com-
pares to these larger models, we also compare our
approach against these embedding models.

In contrast to prior work, we investigate whether
large-scale citance–abstract pairs alone are suffi-
cient to train biomedical retrievers that generalize
across both citation recommendation and general
information retrieval tasks.

3 Methods

3.1 CiteRec Overview

We first explain our methodology to obtain biomed-
ical citances before describing the two main com-
ponents of our CiteRec model: (i) the lightweight
dense retriever to quickly obtain an initial set of
candidate documents and (ii) the cross-encoder
reranker to refine the ranking of the candidates.

3.2 Training Data

For training, we use the OPCitance dataset cre-
ated by Hsiao and Torvik (2023) who extracted all
pairs of citances and referenced documents from
PubMed Central until the cutoff date of May 2019.
Compared to other full-text corpora such as S2ORC
(Lo et al., 2020), OPCitance is solely focused on

the biomedical domain. In our setup, citances func-
tion as queries while the title and abstract of refer-
ences serve as the documents to be retrieved. We
employ two steps for data pre-processing: First, we
filter out all documents that were cited but were
not assigned any valid PubMed ID as the reference.
Secondly, we filter out citation contexts longer than
64 tokens discarding long queries (i) with poten-
tially malformed or irrelevant context and (ii) to
ensure that the reranker obtains sufficient document
context (we allow up to 512 tokens for the combina-
tion of citation and reference document). After pre-
processing, we retain roughly 62M citance-abstract
pairs and show some example citance-abstract pairs
in Table 1.

3.3 Retriever
For our CiteRec retriever, we train separate query
and document encoders both initialized from a
PubMedBERT-base model (Gu et al., 2021). We
take the final hidden state of the [CLS] token as the
respective query and document embeddings. For re-
triever training, we optimize a query-to-document
loss function

ℓq2di = − log

∑
k∈Pos(qi)

sim(qi, dk)
∑|B|

m=1 sim(qi, dm)
,

whereas |B| denotes the batch size. qi is a ci-
tance query, di its associated positive document
and the similarity sim(q, d) is implemented by
the dot product of both embeddings. Extend-
ing the standard InfoNCE loss formulation (Oord
et al., 2018), we allow multiple positive documents
dk ∈ Pos(qi) for a given query qi. For negatives,
we use other citation pairs in the same batch as
in-batch negatives. However, instead of relying
on batching random pairs together, we group ci-
tation pairs from the same full text into the same
batch. This allows us to mine potentially more
informative negatives as documents referenced by
the same paper are more likely to be thematically
related, hence acting as harder negatives than other,
random documents.

Similarly to MedCPT, we also define a comple-
mentary document-to-query loss ℓd2qi which mod-
els relevance of individual queries to a given doc-
ument di. We combine both losses to a batch loss
ℓB:

ℓB =
α

|B|

|B|∑

1

wiℓ
q2d
i +

1− α

|B|

|B|∑

1

wiℓ
d2q
i
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where the hyperparameter α = 0.8 controls
the influence of each individual loss term and the
weight wi models the importance of citing paper
and cited references according to their citation
counts. To normalize citation counts across fields,
we use the Relative Citation Ratio rcr1 (Hutchins
et al., 2016) and set the weights wi = log(1+rcri).
The rcr value takes into account the year of a publi-
cation and its citation numbers relative to its field.

3.4 Reranker

For CiteRec reranker training, we initialize a cross-
encoder from the PubMedBERT-base model (Gu
et al., 2021). The cross-encoder optimizes the same
InfoNCE loss ℓq2di as the retriever but uses random
in-batch negatives as the reranker can leverage ran-
dom negatives more effectively due to its cross-
attention mechanism. It takes as input the sequence
[CLS] qi [SEP] di [SEP] with the query qi, the doc-
ument di and the special BERT tokens [CLS] and
[SEP], and calculates the similarity score

sim(q, d) = W T e([CLS]) + b

where e([CLS]) is the final hidden state embed-
ding of the [CLS] token and W T ∈ Rd, b ∈ R are
learnable weights. The reranker takes into account
the top-100 documents returned by our retriever.

4 Experiments

4.1 Evaluation Datasets

We conduct our experiments on three diverse
biomedical IR and document embedding bench-
marks.

BEIR (Thakur et al., 2021) is a zero-shot infor-
mation retrieval benchmark to assess the general-
ization capabilities of newly developed retrieval
models. Similarly to (Jin et al., 2023), we eval-
uate our model on the same subset of five BEIR
tasks as (Jin et al., 2023) which include TREC-
COVID (Voorhees et al., 2021), containing ques-
tions related to the COVID-19 pandemic, NFCor-
pus (Boteva et al., 2016), questions regarding nu-
trition facts, BioASQ (Tsatsaronis et al., 2015),
a general-purpose biomedical question answering
dataset over the entirety of PubMed, SciFact (Wad-
den et al., 2020), retrieving supporting documents
that verify scientific claims and SciDocs (Cohan

1We download the most recent dump from March 2025
under https://nih.figshare.com/articles/dataset/
iCite_Database_Snapshot_2025-03/28789178.

et al., 2020), finding similar documents given the
title and abstract of a paper.

SciRepEval (Singh et al., 2023) is aimed at as-
sessing the quality of document embedding models
and includes tasks besides retrieval/search, such as
classification and regression. Exemplary classifica-
tion tasks include assigning documents to a MeSH
descriptor and to its field of study. Exemplary re-
gression tasks include predicting the citation count
and the year of a publication. SciRepEval distin-
guishes between tasks whose datasets were used
during the training of their embedding models (in-
train) and tasks that were not (out-of-train, none of
our evaluated models were trained on any of the
in-train datasets.).

Our third benchmark deals with the task of rec-
ommending references for given citation contexts
from PubMed. For this, we create a new, inde-
pendent test set called CitancePlus mined from
PubMed Central full-text articles published after
May 2019 to prevent overlaps with the OPCi-
tance dataset used for our model training. To ob-
tain query-document pairs, we randomly sampled
10,000 full texts published between June 2019 and
June 2024 and for each of them, sampled up to
10 in-line citations as queries. We then extract
all referenced PubMed articles of each citance as
valid reference documents. The resulting dataset
contains 32,000 query-document pairs in the devel-
opment split and 93,000 pairs in the test split. We
used the official PubMed baseline of 2025 as the
document corpus (containing all PubMed abstracts
until January 2025).

4.2 Baselines

We compare the results of our CiteRec model to
several baselines: BM25 (Robertson and Zaragoza,
2009) is a lexical retriever serving as a strong base-
line in IR tasks (Thakur et al., 2021). MedCPT
(Jin et al., 2023) is the baseline closest to ours,
training a dual bi-encoder setup with a separate
query and document embedder initialized from
PubMedBERT-base, while also training a cross-
encoder reranker on top. While we exclusively
train on freely available citance-abstract pairs, Med-
CPT exclusively trains on a large proprietary set
of 255 M PubMed search logs containing pairs of
user query and abstract2.

2We use the MedCPT models provided via
Huggingface (https://huggingface.co/ncbi/
MedCPT-Article-Encoder) which differ a bit from
the results reported in the original paper.

78

https://nih.figshare.com/articles/dataset/iCite_Database_Snapshot_2025-03/28789178
https://nih.figshare.com/articles/dataset/iCite_Database_Snapshot_2025-03/28789178
https://huggingface.co/ncbi/MedCPT-Article-Encoder
https://huggingface.co/ncbi/MedCPT-Article-Encoder


SciNCL (Ostendorff et al., 2022) and SPECTER
(Cohan et al., 2020) are document embedding mod-
els that both leverage the citation graph for training
similar to our approach. Note that they are using
abstract-abstract pairs instead of citances for train-
ing and thus have not been explicitly designed for
short search queries.

The last group of baselines are retriever models
trained on a much larger mixture of data includ-
ing search logs, web links and manually annotated
pairs of questions and answer documents: (i) BERT-
based encoder models such as the gte family (Li
et al., 2023) and bge (Xiao et al., 2023) have around
100 to 300 million model parameters resulting in
a similar size as MedCPT and CiteRec but train-
ing on more diverse retrieval pairs; the gte models
use around 800 million retrieval pairs during un-
supervised pre-training and around three million
high-quality pairs for additional fine-tuning, the
bge models use a similar pipeline of pre-training
and subsequent fine-tuning with around 200 mil-
lion pairs. (ii) Decoder-only embedding models
like Qwen3 (Zhang et al., 2025) are much larger
in size with around 8 billion model parameters and
trained on a carefully selected set of around 150
million retrieval pairs during pre-training and 12
million pairs during fine-tuning.

4.3 Implementation Details

We conducted training for the retriever on two
NVIDIA A100 GPUs with a batch size of 128,
gradient accumulation step size of 4, using bf16
precision, a cosine scheduler with a linear warm-up
phase, and a target learning rate of 2e-6. We trained
the model for one epoch resulting in a runtime of
around four days. As cross-encoder reranker train-
ing converges much faster, we applied early stop-
ping on the development set to find our best model
there. We set the batch size for the reranker training
to 1, the gradient accumulation step size to 32 and
the target learning rate of 5e-6. The CitancePlus
corpus, the CiteRec retriever, the CiteRec reranker
and the accompanying code is available at under
https://github.com/WangXII/CiteRec.

5 Results

In Table 2, we report the results of our CiteRec
model and of the baselines on the subset of biomed-
ical tasks in BEIR. As expected, even though the
SciNCL model was trained on abstract-abstract ci-
tation links, it does not perform well on the biomed-

ical BEIR subset except for SciDocs. Our CiteRec
retriever is better suited for IR queries than SciNCL
by learning from citance-abstract pairs instead.

Looking at individual subtasks and retriever-only
models, our CiteRec retriever achieves particu-
larly good results on the SciFact dataset with an
NDCG@10 score of 0.765 outperforming all other
first-stage retrievers. On average across all sub-
tasks, our CiteRec retriever performs competitively
against the MedCPT retriever (0.425 NDCG@10
compared to 0.431) showing that training on pub-
lic citation data alone can match up to training on
proprietary search logs. Adding a reranker on top
of the CiteRec retriever improves retrieval perfor-
mance on all examined datasets resulting in an av-
erage increase of around 5.3 percentage points (pp).
However, here, bigger gaps are observed on the
BioASQ and TREC-COVID datasets when com-
pared to the corresponding MedCPT reranker indi-
cating that real-world user queries might help more
in reranker training for biomedical question answer-
ing tasks. Compared to the gte and bge models
which trained on a richer mixture of (high-quality)
data, the MedCPT and CiteRec retrievers trained
only on one (noisy) source of data show lower
performances. However, by adding the rerankers,
both models close the gap with CiteRec achiev-
ing comparable performances and MedCPT even
surpassing them.

When evaluating quality of document embed-
dings on the SciRepEval benchmark (see Table 3),
we can see that our CiteRec retriever is able to
outperform the MedCPT retriever by over 3.3 pp
(also reflecting the more citation-focused subtasks
of SciRepEval). As expected, the SPECTER and
SciNCL models perform well on this task as they
are designed to jointly optimize document abstract
embeddings. SciNCL achieves an average score of
0.688 and SPECTER a score of 0.675 compared
to 0.673 for CiteRec. Still, the bge-large model
achieves the best results overall with a score of
0.694. CiteRec performs competitively overall with
the models trained on a larger set of data, achieving
the joint second best results on the In-Train part of
SciRepEval together with gte-large (both 0.559).

Our last main experiment focuses on the Citance-
Plus dataset ranking relevant abstracts in PubMed
given a local citation context. We present the re-
sults on CitancePlus in Table 4 measured by NDCG
and MAP scores @10 and @100. We observe
that BM25 is a strong baseline for this task out-
performing neural models like gte-base and Med-
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Param Size TREC-COVID NFCorpus BioASQ SciFact SciDocs Avg

BM25 - 0.656 0.325 0.465 0.665 0.158 0.454
gte-base 100 M 0.676 0.374 0.355 0.753 0.229 0.477
gte-large 300 M 0.687 0.381 0.358 0.750 0.237 0.482
bge-large 300 M 0.744 0.343 0.400 0.736 0.218 0.488
SciNCL 100 M 0.342 0.228 0.108 0.568 0.194 0.288
MedCPT 100 M 0.616 0.365 0.325 0.736 0.114 0.431
+ reranker 200 M 0.727 0.365 0.498 0.793 0.176 0.512

CiteRec (Ours) 100 M 0.601 0.299 0.314 0.765 0.148 0.425
+ reranker (Ours) 200 M 0.675 0.347 0.392 0.792 0.184 0.478

Table 2: Biomedical BEIR results measured by NDCG@10. Best results in each column in bold, second best
underlined.

In-Train Out-of-Train Avg

gte-large 0.559 0.720 0.683
bge-large 0.575 0.736 0.694
SPECTER 0.547 0.720 0.675
SciNCL 0.556 0.734 0.688
MedCPT 0.531 0.678 0.640

CiteRec (Ours) 0.559 0.713 0.673

Table 3: SciRepEval Results. Best results in each col-
umn in bold, second best underlined.

CPT across all metrics and gte-large in all but the
NDCG@100 score (0.193 compared to 0.201). The
MedCPT retriever struggles with the citation rec-
ommendation task only reaching an NDCG@10 of
0.097. Our CiteRec retriever model outperforms
all other similarly sized retriever models on this
task by more than 3 pp across all metrics, showing
that the citation recommendation task benefits a lot
from domain-specific finetuning.

We compare to the Qwen3 model only on the ci-
tation recommendation task as the gte and bge mod-
els have already proven to be challenging baselines
on the biomedical BEIR and SciRepEval bench-
marks and evaluating large decoder-based embed-
ding models at PubMed scale is computationally ex-
pensive. On CitancePlus, the Qwen3-Embedding-
8B model slightly outperforms our CiteRec first-
stage retriever with an NDCG@10 score of 0.216
compared to 0.206. However, after adding the
CiteRec reranker on top of the retriever, our over-
all CiteRec model even outperforms the Qwen3-
Embedding-8B model by 2.4 pp in NDCG@10
score while being significantly more efficient in
terms of parameter size and inference cost.

6 Discussion

In our first ablation study, we examine how retrieval
performance of our CiteRec retriever changes when
we modify our negative sampling from grouped
batching of negatives from the same publication
to random in-batch negatives and replacing the rcr
values as individual weights for a document by the
default value of 1. We report the corresponding re-
sults in Table 5. We observe that grouped batching
improves NDCG@10 scores on both datasets, with
the improvements being more pronounced on the
CitancePlus dataset (0.206 vs 0.164) compared to
the biomedical subset of BEIR (0.425 vs 0.412).
This suggests that retriever training likely benefits
from harder examples coming from the same doc-
uments whereas random negatives are easier and
saturate model performance more quickly.

Our second ablation study examines the capabil-
ities of our CiteRec models in a stricter setting: We
constructed our original CitancePlus test dataset
in such a way that no test query overlaps with any
query encountered in the training set. However, the
model might still have incorporated a slight bias
toward documents already encountered in the OPC-
itance training data. To minimize such potential
effects, we repeated the CitancePlus experiments in
a stricter setting removing all citance-abstract pairs
from the test dataset where the abstract document
has already occurred at least once in the training
dataset. We reduced the initial 93 thousand citance-
abstract pairs to a subset of around 25 thousand
after applying this filtering step.

Table 6 summarizes the results on the filtered
test dataset. We see that the performance of BM25
increases on the filtered test dataset from 0.161
NDCG@10 to 0.185 NDCG@10. Our CiteRec
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Param Size NDCG@10 NDCG@100 MAP@10 MAP@100

BM25 - 0.161 0.193 0.132 0.139
gte-base 100 M 0.143 0.178 0.121 0.127
gte-large 300 M 0.157 0.201 0.125 0.134
bge-large 300 M 0.170 0.212 0.137 0.145
Qwen3-Embedding-8B 8 B 0.216 0.268 0.175 0.186
SciNCL 100 M 0.076 0.106 0.057 0.063
MedCPT 100 M 0.097 0.132 0.075 0.082
+ reranker 200 M 0.174 0.191 0.146 0.149

CiteRec (Ours) 100 M 0.206 0.249 0.168 0.177
+ reranker (Ours) 200 M 0.240 0.276 0.200 0.209

Table 4: CitancePlus results. Best results in each column in bold, second best underlined.

CitancePlus BEIR

CiteRec 0.206 0.425
CiteRec (BatchNeg) 0.164 0.412

Table 5: Ablation on our CiteRec retriever model to
train only using random in-batch negatives. Resulted
scores are NDCG@10.

CitancePlus Test Filtered

BM25 0.161 0.185
gte-large 0.157 0.162
Qwen3-Embedding-8B 0.216 0.221

CiteRec (Ours) 0.206 0.205
+ reranker (Ours) 0.240 0.248

Table 6: Ablation on the CitancePlus dataset remov-
ing any paper from the test dataset which was also
cited at least once in the training data. Result scores
in NDCG@10. Best results in each column in bold,
second best underlined.

retriever decreases only minimally in NDCG@10,
from 0.206 to 0.205, indicating at most a slight
bias toward documents already seen in the OPC-
itance training data. The larger retriever models
gte-large and Qwen3-Embedding-8B improve by
0.5 pp in NDCG@10 score. However, when adding
our reranker model to the top-100 retrieved docu-
ments, overall NDCG@10 score improves again
by 0.8 pp compared to the original test dataset in-
dicating that any such bias is not as pronounced in
the reranker model.

7 Conclusion

In this work, we introduced a biomedical retriever-
reranker model trained on a large set of PubMed
Central citation-abstract pairs. We have shown that
the resulting model generalizes well on general
biomedical IR benchmark such as the BEIR sub-
set when compared to models of similar size and
training data such as MedCPT and outperforms
both these baselines as well as substantially larger
state-of-the-art models (e.g., Qwen3-Embedding-
8B) when compared on the in-domain citation rec-
ommendation task.

Limitations

Training on citance-abstract pairs is inherently
noisy as citations do not always match what is writ-
ten in the referenced texts and not all information
referred to in a given context is fully included in the
title and abstract of the referenced document (Sarol
et al., 2024). We did not further investigate any
methods to filter out high-quality citations from
lower-quality ones.

We also limited our experiments to smaller
BERT-based model (100M parameters) and did not

81



train on larger decoder-only retrievers due to lim-
ited computational resources. It remains unclear
whether scaling to larger models would improve
performance or lead to overfitting on the noisy train-
ing data.
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