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Abstract

The biomedical literature contains rich struc-
tured knowledge, including citation links that
encode relationships between scientific stud-
ies, but such information is typically ignored
in standard language model pre-training. We
propose a citation-aware continual pre-training
method for decoder-only language models that
incorporates citation graph information from
PubMed into next-token prediction by placing
citation-linked abstract pairs within a shared
context. We evaluate our method on multiple
biomedical QA benchmarks using two model
families. Results show that citation-aware con-
tinual pre-training achieves higher average ac-
curacy than both the original base models and
citation-unaware pre-training across biomedi-
cal tasks.

1 Introduction

The biomedical literature constitutes a large and
information-rich corpus, with PubMed indexing
tens of millions of abstracts (Liang et al., 2021).
The citation links among these documents encode
a human-curated graph of conceptual relationships.
When a researcher cites a prior study, it typically re-
flects some form of domain relevance, methodolog-
ical connection, or thematic continuity between the
two works. However, this structural information
is largely ignored in standard language model pre-
training pipelines, which treat each document as an
independent sequence drawn uniformly at random.

The encoder-only era demonstrated that cita-
tion structure can be a powerful supervision signal.
LinkBERT (Yasunaga et al., 2022) placed linked
documents into shared BERT (Devlin et al., 2019)
contexts and introduced a document relation pre-
diction objective, yielding substantial gains on QA
and multi-hop reasoning benchmarks. Its biomed-
ical variant, BioLinkBERT, achieved state-of-the-
art results on BLURB (Gu et al., 2021), confirm-
ing that awareness of inter-document relationships
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Figure 1: Overview of citation-aware biomedical pre-
training. Each training example concatenates two ab-
stracts with a relation text derived from the citation
graph, and is trained with next-token prediction.

translates directly into improved clinical language
understanding.

Decoder-only autoregressive large language
models (LLMs), trained with a causal next-token
prediction objective, have become the dominant
modeling approach, and domain adaptation is
typically pursued through continual pre-training
on biomedical corpora such as PubMed Central.
BioMistral (Labrak et al., 2024), for instance,
adapts Mistral-7B with billions of biomedical
tokens and reports improvements over general-
purpose counterparts on medical QA benchmarks.
Despite this progress, continual pre-training for
causal LLMs remains document-independent, with
each sample consisting of a single abstract or ar-
ticle and lacking structural signals about inter-
document relationships. Citation-linked papers
typically share concepts, methods, or disease en-
tities, so placing them in a shared context win-
dow exposes the model to inter-document con-
cept co-occurrences that no single abstract con-
tains. Prior work has shown that citation structure
encodes meaningful semantic relatedness at the
document level (Cohan et al., 2020; Ostendorff
et al., 2022); our hypothesis is that the same signal,
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exposed at pre-training time through next-token
prediction, supports integrative biomedical reason-
ing even when downstream questions are posed in
closed-book form over a single passage. This raises
a natural, to our knowledge unanswered question:
does citation-aware pre-training confer the same
benefits in causal LMs as it does for masked LMs?

As illustrated in Figure 1, we propose a method
that incorporates information from the PubMed ci-
tation graph into next-token prediction pre-training.
by constructing training samples that place citation-
linked abstract pairs within the same context win-
dow together with a natural-language label indicat-
ing their relationship. We evaluate our approach on
two small language models across multiple biomed-
ical QA benchmarks, with a text-matched baseline
that isolates the effect of citation structure from
data quantity and lexical content. Our main contri-
butions are as follows:

* We extend citation-aware pre-training from
masked LMs to causal LMs by introducing a
method that incorporates inter-document re-
lationships while remaining compatible with
standard next-token prediction training.

* We show that citation-aware continual pre-
training improves accuracy over backbone
models and citation-unaware pre-training
across biomedical QA benchmarks and model
families.

2 Related Work

2.1 Biomedical Pre-trained Language Models

Dedicated pre-training on biomedical corpora has
a long history. BioBERT (Lee et al., 2020) first
demonstrated that continued pre-training of BERT
on PubMed yields substantial gains across named
entity recognition, relation extraction, and QA.
With the rise of decoder-only architectures, the
community has adapted these insights to the au-
toregressive setting. BioGPT (Luo et al., 2022) is
a GPT-2-scale causal LM pre-trained on PubMed
abstracts, while PMC-LLaMA (Wu et al., 2024)
scales this to 75 billion tokens from PubMed Cen-
tral and medical textbooks. BioMistral (Labrak
et al., 2024) demonstrates that continual pre-
training of a strong general-purpose model on
PubMed Central is competitive with purpose-built
biomedical models at a fraction of the compute
cost. More recently, MedGemma (Sellergren
et al., 2025) extends the Gemma 3 architecture

with medical-domain training on diverse clinical
data including radiology images and medical text,
while ELAINE-medLLM (Yano et al., 2025) adapts
Llama-3-8B for the biomedical domain across En-
glish, Japanese, and Chinese through continual pre-
training and supervised fine-tuning. Despite the
diversity of these approaches, all treat the corpus
as a flat collection of documents, ignoring cita-
tion relationships. Our work is the first to exploit
PubMed’s citation graph in causal LM continual
pre-training.

2.2 Graph-Aware and Structured Pre-training

Citation links encode semantically meaningful rela-
tionships between documents, motivating a line of
graph-aware pre-training methods. SPECTER (Co-
han et al., 2020) learns document embeddings
using citation links as a proxy for seman-
tic similarity in a triplet-loss framework, and
SciNCL (Ostendorff et al., 2022) refines this
with neighborhood-contrastive learning over cita-
tion graphs. LinkBERT (Yasunaga et al., 2022)
is most directly related to our work. It aug-
ments BERT’s masked language modeling ob-
jective with a document relation prediction task,
classifying whether two text segments are con-
tiguous, randomly paired, or citation-linked. Ap-
plied to PubMed, BioLinkBERT achieves state-
of-the-art performance on PubMedQA (Jin et al.,
2019), BioASQ (Nentidis et al., 2019) and the
BLURB (Gu et al., 2021) benchmark. Our work
translates the core insight of LinkBERT to the
causal LM setting: rather than a classification aux-
iliary task, we encode document relation informa-
tion as natural language tokens predicted autore-
gressively, making our method applicable to any
decoder-only architecture without modification.

3 Method

3.1 Overview

We propose a citation-aware continual pre-training
approach for decoder-only large language models.
Our core idea is to exploit the PubMed citation
graph, a large-scale human-curated signal of se-
mantic relatedness between biomedical abstracts,
by constructing training samples that place citation-
linked document pairs within the same autoregres-
sive context. Unlike LinkBERT (Yasunaga et al.,
2022), which requires a separate classification head
for document relation prediction, our formulation
is architecturally transparent: the citation relation-
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ship is expressed as a natural-language sentence ap-
pended to each paired-abstract sample and learned
via standard next-token prediction.

3.2 Training Sample Construction

Given the PubMed citation graph G = (V, &),
where each node v € V corresponds to an abstract
and each directed edge (u,v) € £ denotes that pa-
per u cites paper v, we construct training samples
of the following two forms.

Citation-linked sample:

The first paper: {ABSTRACT_A}
The second paper: {ABSTRACT_B}
One paper cites the other paper.

Non-linked sample:

The first paper: {ABSTRACT_C}
The second paper: {ABSTRACT_D}
The two papers are not in a
citation relationship.

For citation-linked pairs, we sample edges
(u,v) € & and place the abstracts of v and v as AB-
STRACT_A and ABSTRACT_B, respectively. The
order of the two abstracts within a pair is random-
ized to prevent the model from exploiting positional
cues about citation directionality. For non-linked
pairs, we sample two abstracts uniformly at ran-
dom, verifying that no citation edge exists between
them in either direction.

This formulation offers several practical advan-
tages. First, it requires no modification to the
model architecture or training objective: existing
autoregressive pre-training pipelines can incorpo-
rate citation-linked samples without change. Sec-
ond, the natural-language relation label is seman-
tically informative; the model must associate the
content of the two abstracts with the prediction of
the concluding token sequence, implicitly encoding
inter-document coherence.

3.3 Baseline: Citation-Unaware Pre-training

To isolate the effect of citation structure from the
effect of data selection and lexical content, we con-
struct a citation-unaware baseline as follows. Start-
ing from the same set of paired-abstract samples
used for our proposed model, we decompose each
sample back into its constituent single-document
units and shuffle these documents uniformly at ran-
dom, forming standard single-document training
samples. The resulting baseline corpus contains the

same abstract texts as the proposed model but with-
out citation-pairing information. The only differ-
ence between the two conditions is whether linked
pairs are presented in context, enabling a clean
ablation of citation structure.

4 Experiments

4.1 Experimental Settings

Backbone Models We apply our continual pre-
training procedure to two recent small language
models representing different model families.

* Phi-3.5-mini-instruct (4B parameters) (Ab-
din et al., 2024): a decoder-only language
model pre-trained on a mixture of web and
synthetic data.

* Llama-3.2-3B-Instruct (Dubey et al., 2024):
an instruction-tuned decoder-only language
model from the Llama 3 family.

Training Data Composition We set the total
number of tokens after tokenization to approxi-
mately 1.8 billion, using the same set of PubMed
abstracts for both citation-aware and citation-
unaware settings to ensure that any performance
differences cannot be attributed to differences in
data quantity.

In the citation-aware setting, the total number
of training tokens is 1,877,396,650, while in the
citation-unaware setting it is 1,807,869,680. Al-
though both settings are constructed from the same
set of PubMed abstracts, the citation-aware data
contains slightly more tokens because it includes
additional textual prefixes such as “One paper cites
the other paper.” or “The two papers are not in a
citation relationship.”

While our overall scale is smaller than that of
prior biomedical language models such as BioMis-
tral (Labrak et al., 2024), which was trained on 3B
tokens, it remains on the same order of magnitude.

Benchmarks We evaluate on five established
biomedical QA benchmarks implemented via
Im-evaluation-harness !, reporting accuracy on
all tasks: PubMedQA (Jin et al., 2019), MedM-
CQA (Pal et al., 2022), MedQA-4opt (Jin et al.,
2020), and medical subsets of MMLU (Hendrycks
et al., 2021) (anatomy, clinical knowledge, college
biology, college medicine, medical genetics, and

Yhttps://github.com/EleutherAIl/
Im-evaluation-harness
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BioMistral-7Bf  BioGemma-4B' Phi-3.5-4B-Inst Llama-3.2-3B-Inst

Citation-Aware NA NA NA X v NA X v
MedQA-4opt 44 4 64.4 559 548 555|559 535 554
MedMCQA 43.9 55.7 533 528 53.6 | 542 539 547
PubMedQA 37.6 73.4 748 748 744 | 752 754 764
anatomy 49.6 59.3 622 615 63.0| 622 60.7 63.7
clinical KG 60.9 71.3 642 653 642 | 751 762 755
MMLU college biology 56.9 70.8 722 715 729 | 84.0 81.3 84.7
college medicine 55.5 65.3 572 59.5 578 | 642 653 65.3
medical genetics 61.7 83.0 76.0 750 76.0 | 75.0 74.0 76.0
prof. medicine 55.1 76.8 69.5 702 728 | 746 724 732
Average \ 51.7 68.9 \ 65.0 651 656 \ 689 68.1 694

Table 1: Results on biomedical QA benchmarks without task-specific fine-tuning. “NA” indicates that the original
released model is evaluated without additional continual pre-training. “X” denotes Citation-Unaware continual
pre-training, while “v” denotes Citation-Aware continual pre-training (our proposed method). Blue values indicate
improvements over the corresponding base model, while red values indicate performance degradation. Boldface
highlights the best score in each row. T indicates scores reported from the original papers.

Phi-3.5-4B-Inst
Citation-Aware NA X v
PubMedQA 76.6 774 78.6
MedMCQA 582 589 59.1
MedQA-4opt 57.8 573 581
anatomy 593 593 63.0
clinical_KG 743 743 76.2
college_biology 854 813 84.0
MMLU College_medicine | 647 659 67.6
medical_genetics | 75.0 73.0 76.0
pro_medicine 71.0 71.0 717
Average | 692 687 705

Table 2: Results on biomedical QA benchmarks with
task-specific fine-tuning.

professional medicine). Average accuracy (AVG)
across all nine evaluation settings is reported as our
primary aggregate metric.

Following prior work (Labrak et al., 2024), we
adopt a 3-shot evaluation protocol without task-
specific fine-tuning as our default setting. In ad-
dition, for the Phi-3.5-4B model, we also report
results with supervised fine-tuning on the target
tasks to assess the impact of downstream adapta-
tion.

4.2 Results

Tables 1 and 2 present the results of continual pre-
training under citation-unaware and citation-aware
settings across different model families and evalua-
tion conditions.

Overall, citation-aware pre-training consistently
achieves the strongest performance across models
and settings. In Table 1, citation-aware models out-
perform both the original released models (NA)
and the citation-unaware baselines (X) in terms

of average accuracy. For instance, on Phi-3.5-4B,
citation-aware pre-training improves the average
score from 65.0 (NA) and 65.1 (X) to 65.6, while on
Llama-3.2-3B, it increases performance from 68.1
(X) and 68.9 (NA) to 69.4. These gains are also
reflected at the task level, with consistent improve-
ments observed across multiple MMLU subsets
and QA benchmarks.

Importantly, citation-unaware continual pre-
training does not reliably improve performance
over the base models and can even lead to slight
degradation in several cases. This suggests that
simply continuing pre-training on biomedical text
without incorporating structural signals may not
be sufficient, and can potentially harm previously
acquired capabilities.

Table 2 further examines the effect of supervised
fine-tuning (SFT) for Phi-3.5-4B-instruct model.
The advantage of citation-aware pre-training not
only persists but becomes more pronounced af-
ter fine-tuning, achieving the highest average ac-
curacy (70.5) compared to both the base model
(69.2) and the citation-unaware variant (68.7). No-
tably, citation-aware models achieve the best per-
formance in the majority of individual tasks, indi-
cating that the benefits of citation-aware representa-
tions transfer effectively to downstream adaptation.

While the magnitude in any single configuration
is modest, the gain of citation-aware over citation-
unaware pre-training has a consistent positive sign
across two backbones, the majority of the nine
tasks, and both the zero-shot and SFT regimes.
Such cross-setting consistency is more readily ex-
plained by a systematic effect of the training signal
than by configuration-specific noise.
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5 Conclusion

We proposed a citation-aware continual pre-
training method for decoder-only language mod-
els, incorporating citation graph information from
PubMed into standard next-token prediction by
placing citation-linked abstract pairs within a
shared context. Experiments on biomedical bench-
marks show that this approach improves perfor-
mance over both the backbone models and citation-
unaware pre-training across model families.

In future work, we plan to (i) compare citation-
aware pre-training against a topically matched non-
cited baseline to isolate the contribution of citation
structure from topical co-occurrence, (ii) evaluate
on multi-hop biomedical benchmarks to test the
inter-document mechanism directly, and (iii) ex-
tend the approach to full-text articles and finer-
grained citation contexts.

Limitations

This work has several limitations. First, our ex-
periments use relatively small models (3B—4B pa-
rameters) and a limited pre-training scale (approx-
imately 1.8B tokens), and the gains, while con-
sistent, are modest in absolute terms; scaling to
larger models and corpora may yield different
outcomes. Second, our citation-unaware base-
line draws abstract pairs uniformly at random, so
citation-linked pairs differ from it in both cita-
tion status and topical similarity. The observed
gains may therefore partly reflect co-presentation
of topically related documents rather than citation
structure per se, and a more controlled compari-
son would match non-cited pairs on topical simi-
larity (e.g., via MeSH overlap or embedding sim-
ilarity). Relatedly, all five benchmarks we use
are closed-book single-passage QA and do not di-
rectly probe inter-document reasoning; multi-hop
or cross-document biomedical benchmarks would
test the proposed mechanism more directly. Fi-
nally, our method operates only on abstract-level
data and cannot capture finer-grained relationships
expressed at the sentence or passage level, which
may limit its ability to fully exploit citation infor-
mation.
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