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Abstract

Even in the era of large language models
(LLMs), biomedical relation extraction (RE)
still plays a major role in timely creation of
knowledge graphs that further guide biomed-
ical knowledge discovery. The main task in
RE is to extract a relation “as expressed” in
an input text. At times, crucial definitional in-
formation or other auxiliary information about
the entities involved may be missing from the
input text. Augmenting it from other exter-
nal textual sources appears helpful on the sur-
face but can be harmful too, as these sources
can overwhelm the signal in the original input,
leading to false positives or false negatives. To
counter this, we leverage a pre-trained biomed-
ical text retriever to augment original inputs
with additional instance-specific snippets. This
is done through a gating mechanism that al-
lows the retrieved snippets to enhance but not
overwhelm the signal from the original input.
We evaluate our approach on three standard
biomedical relation extraction datasets (CDR,
BioRED, and ChemProt) and show consistent
improvements (up to 10 F1 points) compared
with strong supervised baselines involving both
encoder and decoder models. All our code and
the datasets used are available for reuse: https:
//github.com/bionlproc/GRAFT-RE.

1 Introduction

Biomedical relation extraction (RE) is a core task
in biomedical natural language processing (Huang
et al., 2024), considering relations among biomed-
ical entities drive etiology, pathology, treatment,
and recovery in human diseases. Relations span
the translational science spectrum from biological
links (e.g., protein-protein interactions) to transla-
tional connections (e.g., gene-disease associations)
and clinical information (e.g., drug-disease treat-
ment relations). The goal in RE is to infer and
classify the relation between a pair of input entities,
typically from a fixed set of relation types. Rela-
tions extracted lead to knowledge graphs (KGs),

which further enhance biomedical knowledge dis-
covery via reasoning over KGs (Raghavan et al.,
2021). Although LL.Ms have become general pur-
pose NLP tools, KGs are still deemed essential to
reduce hallucinations and ground reasoning in dis-
covery tasks (Xiong et al., 2025; Xu et al., 2025).
Hence, overall, RE remains an important primitive
in BioNLP.

Consider the sentence: “We conclude that ta-
moxifen therapy is more effective for early stage
breast cancer patients.” From this sentence an RE
model is expected to extract the relation (tamox-
ifen, TREATS, breast cancer) where tamoxifen is
the subject entity, breast cancer is the object en-
tity, and TREATS is the relation type or more for-
mally the predicate. RE by definition implies that
the only input provided is the sentence (or docu-
ment) from which the relation is to be extracted.
This means, we are not looking at general (global)
knowledge about the entities mentioned in the in-
put, but more interested in relations as explicitly
stated (or implied) in the input (local assertions).
But a given input often may not include background
information about the entities needed to tease out
a potential relation. This could be in the form of
definitions (or glosses) of the entities in the input.
This could also be in the form of hyponyms of enti-
ties involved. For the TREATS example we chose
earlier, the definition of tamoxifen in the Medical
Subject Heading (MeSH) vocabulary includes: “Ta-
moxifen acts as an anti-estrogen (inhibiting agent)
in the mammary tissue, but as an estrogen (stimulat-
ing agent) in cholesterol metabolism, bone density,
and cell proliferation in the endometrium.” In the
MeSH hierarchy we can also see that tamoxifen
is a “benzylidene compound.” In addition to the
original text input to the RE, it might be beneficial
to augment it with this extra contextual information.
The contextual information can also be arbitrary
pieces of text from the broad scientific literature
that may enhance RE. Our current effort investi-
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gates how to do this in a way that is both effective
and efficient. Neither of these objectives is easy to
meet because the extra text added as additional con-
text to the input can confuse the model and drown
the signal from the original input text. So in the
end, the performance may actually worsen if the
context contradicts what is stated in the input. The
augmented context also increases the length of the
input thus increasing computational cost.

Another concern in using additional context in
RE may arise if the context already contains a di-
rectly stated positive relation, which is discussed
in a complex and nuanced manner in the original
input. In this case, a natural question to ask is
if this constitutes cheating, considering the main
goal is to extract relations as expressed in the in-
put; the context might already contain the right
answer. However, over the past decade encoder
LMs already ingest billions of tokens of biomedical
free text during pre-training (e.g., BioBERT (Lee
et al., 2020) and BiomedBERT (Gu et al., 2021)).
Furthermore, autoregressive LLMs are also pre-
trained on PubMed abstracts and full text articles
in PMC (Yang et al., 2022; Sallinen et al., 2025;
Bolton et al., 2024). Given most modern RE efforts
are almost exclusively based on encoders or LLM
backbones, besides the input text that is explicitly
provided, the models have entire PubMed/PMC
at their disposal (via LM model weights), in an
implicit manner. We propose to simply make this
explicit along the lines of retrieval-augmented gen-
eration (RAG), already popular when using LLMs
for question answering (QA) (Lewis et al., 2020;
Xiong et al., 2024). The testing is always done
against gold answers derived from the original in-
put and hence the context’s influence is strictly
measured against what is available in the input.

In this paper, we present Gated Retrieval-
Augmented Fine-Tuning (GRAFT) for RE, a
parametrized approach that incorporates external
retrieved context as part of the input for RE.
GRAFT can seamlessly integrate with both small
encoder models and autoregressive LLMs. It re-
lies solely on a small encoder based, zero-shot re-
triever for biomedical RE (Jin et al., 2023), requir-
ing no supervised data for retrieval. The docu-
ments retrieved are processed in parallel, thus re-
ducing computational overhead significantly. Addi-
tionally, we incorporate a dynamic weighting (gat-
ing) layer that amplifies useful information from
the context, while filtering out less relevant con-
tent. We evaluate GRAFT on three widely used
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biomedical RE datasets and show promising im-
provements across all of them. While this paper
is focused on biomedicine, the method is agnos-
tic of the domain and can be employed as long as
there is a way to retrieve general Web text using
well known models for the general domain (Izacard
et al., 2022; Wang et al., 2022; Ni et al., 2022). The
code and datasets used for this paper are available:
https://github.com/bionlproc/GRAFT-RE.

2 Related Work

Several efforts on retrieval-augmented biomedi-
cal tasks focus on biomedical QA (Xiong et al.,
2024; Sohn et al., 2024; Jeong et al., 2024; Das
et al.,, 2024). Specifically, Xiong et al. (2024)
benchmark a spectrum of retrieval-generator pair-
ings across BioASQ, MedQA and PubMedQA re-
vealing that naive coupling of powerful generators
with off-the-shelf BM25 retrieval leaves substantial
head-room that can be exploited by hybrid dense-
sparse retrievers and cross-encoder rerankers. Sohn
et al. (2024) extend this line of work with RAG?,
where rationale-guided query reformulation and a
lightweight snippet filter reduce noise propagation
and boost answer F1 by up to 6 points on three
medical QA benchmarks.

Regarding other related efforts for RAG in
biomedicine, Lopez et al. (2025) present CLEAR
(Clinical Entity Augmented Retrieval), a task-
aware RAG pipeline that first detects clinically
salient entities in a potentially long clinical note,
then restricts retrieval to context windows surround-
ing those entities, thereby trimming the context
fed to the generator. This use case is different
from GRAFT’s use of external context to aug-
ment an input text for RE. BiomedRAG (Li et al.,
2025) retrieves chunk-based documents from an
external database and concatenates them directly
into the LLM input, using a custom chunk scorer
trained with a perplexity-driven supervision sig-
nal. It addresses noise at the retriever level (via
better chunk selection), whereas GRAFT addresses
it at the model level (gated fusion). Furthermore,
GRAFT supports smaller encoder models for RE
while BiomedRAG is an LLM-only method.

There are two related efforts in general domain
RE. First, RetrievalRE (Chen et al., 2022) uses
a non-parametric kNN retriever to select exam-
ples from the training data to be used in an in-
terpolated manner along with a conventional para-
metric model’s predictions. Hence, there is no
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use of external knowledge as in GRAFT. Next,
RAG4RE (Efeoglu and Paschke, 2025b) and its
fine-tuned extension (Efeoglu and Paschke, 2025a)
concatenate the retrieved context directly into the
prompt and rely on LLMs, without any mecha-
nism to control the influence of retrieved docu-
ments. In contrast, GRAFT processes retrieved
documents in parallel, employs a learned gating
mechanism to dynamically modulate retrieval in-
fluence, and is effective with small encoder models
too. To summarize, BiomedRAG (Li et al., 2025)
and RAG4RE (Efeoglu and Paschke, 2025a) dif-
fer from GRAFT in two aspects: (1) both target
only LLM backbones, whereas GRAFT applies
equally to small encoder models and causal LLMs.
(2) GRAFT processes retrieved documents in par-
allel rather than concatenating them, decoupling
per-document context length from the number of
retrieved snippets.

Finally, we note that augmenting RE with aux-
iliary textual or structured information is a recur-
ring theme in our prior work: Jiang and Kavuluru
(2025) use instance-adapted predicate descriptions
to enrich relation representations in a dual-encoder
setup, while Jain et al. (2024a) cast document-level
RE as context-guided link prediction and Jain et al.
(2024b) incorporate structured knowledge for cross-
document RE. GRAFT extends this direction by
drawing on dynamically retrieved unstructured text
rather than fixed predicate definitions or curated
knowledge bases.

3 The GRAFT Method

3.1 Retriever model

To eliminate the need for retriever training, we
optimize our entire system using MedCPT, a zero-
shot biomedical IR model (Jin et al., 2023) trained
on PubMed search logs by researchers at the US
National Library of Medicine. In biomedical RE,
the primary source of information lies in the entities
themselves; entity traits can offer critical insights
that inform the eventual relationship. Therefore,
the retrieved information about the entities serves
as ancillary context, aiding the prediction model
in determining the relationship. We prepare two
kinds of queries for MedCPT retrieval:

1. Entity-wise query to search for documents
that describe or characterize an entity. We
use the query "What is the <entity_type> <en-
tity_string>?". This is launched for both enti-
ties involved.

2. Entity-pairwise query to retrieve documents
that discuss both entities and may reveal inter-
actions between them. This query is format-
ted as: "What is the interaction type between
the <entityl_type> <entityl> and the <en-
tity2_type> <entity2>?".

For biomedical RE, PubMed is an ideal choice
for fetching snippets for augmentation and Med-
CPT comes pre-loaded with it. Additionally, we
incorporate Wikipedia due to its broad comple-
mentary coverage of various biomedical concepts.
Thus, the resulting documents retrieved constitute
two components, the entity-wise documents and
pairwise documents, both featuring PubMed ab-
stracts and Wikipedia articles.

3.2 Zero-shot RE

To assess zero-shot performance in conjunction
with the retrieved documents, we merge these
documents with the input text for RE as part
of the prompt. We test this strategy with the
Llama-3.2-Instruct-3B model (Grattafiori et al.,
2024), which allowed us to assess how effec-
tive the retrieved MedCPT documents are with-
out training data. To ensure consistent outputs,
we prompt the model to produce responses in a
predefined JSON format, as shown in Figure 6
(of the Appendix). We present the results in Fig-
ure 1 for two datasets: chemical-disease relations
(CDR (Li et al., 2016)) and chemical-protein re-
lations (ChemProt (Krallinger et al., 2017)). We
notice that the zero-shot prediction results remain
suboptimal. The retrieved documents clearly hurt
the performance as they likely introduced excessive
noise when used in this simple way to augment the
original input. The absence of clearly defined filter-
ing mechanisms to distinguish between genuinely
useful background information and irrelevant con-
text may have caused the model to overlook or
misinterpret cues essential for RE. Thus, simply
appending external context can worsen results.

3.3 Fine-tuning GRAFT

To address the issues with naive augmentation,
we propose using a fine-tuned model rather than
a purely zero-shot approach. Although frontier
LLMs can alleviate certain issues in zero-shot set-
tings (Brokman et al., 2025), fine-tuning a smaller
model offers a more cost-effective option. But
several challenges remain unresolved: (1) incorpo-
rating extensive external documents into the trans-
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Figure 1: Zero-shot performance (in F1 scores) on CDR
and ChemProt datasets using different types of retrieved
documents. “Default” indicates that no external docu-
ments were applied. Up to 6 snippets were tried and the
top score is reported.

former architecture’s self-attention mechanism re-
mains computationally expensive, incurring O(n?)
computational complexity, and (2) failing to dis-
card irrelevant documents still introduces addi-
tional noise into the model. The relation could
be easily determined from the original context in
some simple cases; the retrieved documents for
these instances may lead to errors.

Therefore, instead of appending documents, we
opt to input documents in parallel for two reasons:
(1) we assume each document carries its own dis-
tinct information and should be processed inde-
pendently, and (2) this reduces the computational
overhead that would arise from cross-document in-
teractions. As a result, the generative capability of
language models is replaced by a BERT-like clas-
sification approach. Furthermore, inputting docu-
ments in parallel drastically reduces context length
limitations, enabling the method to be applied to
smaller models as well.

Specifically, let M be any transformer based
model, z the input relation text, and D =
{di,da,...,d,} the set of retrieved documents.
The model encodes the input text and each doc-
ument independently:
hm:Mt(.%'), hZ’:./\/ld(di), Vi € {1,...,71}.
We form the representation by concatenating token-
wise the text and document embeddings, then pass
it through a lightweight, two-layer self-attention

module to enable cross-interaction:
H, = SelfAttention([hy || hy || ha || ... || hn])-

Furthermore, we design a gating mechanism that
allows less attention to unimportant documents or
when the input text is very informative, needing
less external context interference. It employs an
MLP layer as the scorer to evaluate the original
input text and assign a dynamic weight for the
retrieved documents. We define this weight as

9z = U(MLP(hx)) S (07 1)'

Before we discuss how this weight g, is incor-
porated into the training and inference process,
we first ought to cover how the relation is repre-
sented. For bi-directional models, we explicitly
mark each entity span with unique boundary to-
kens so the model can localize and differentiate the
arguments of the relation. For example, the entities
acetaminophen and liver injury are marked as:
“The analgesic [E1] acetaminophen [/ET1]
may induce [E2] liver injury [/E2] in
susceptible patients.” Let hZ! and hZ? be
the contextualized output of [E1] and [E2], the
relation representation Rep(h,) in bi-directional
model is defined as

Rep(hy) = LayerNorm([RE || hE?).

In causal (autoregressive) models, where each to-
ken attends solely to preceding tokens, we enclose
the entities in boundary markers and append an
additional [EOT] token at the end of the sequence,
for the same example: “The analgesic [E1]
acetaminophen [/E1] may induce [E2] liver
injury [/E2] 1in susceptible patients.
[EOT].” Let hLCEOT] be the contextualized output
of [EOT], the Rep(h,) in causal model form is
defined as

Rep(hy) = Layer Norm(hlFOT)),

With this setup for Rep(h,), we derive final re-
lation labels via
hy = W1(Rep(hs))
where W is the projection layer such that hy is an
r-dimensional vector with r being the total number
of possible relations (label cardinality). Without
the gating mechanism, the loss function is

ﬁorig = - Z Y IOg(iLgc)
j=1
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As H, is essentially h, with retrieved documents
concatenated, the notion of Rep(-) is applicable to
H too. Therefore, the aggregated relation repre-
sentation controlled by the weight g, is

Hy = (1—-g.)W1(Rep(hs))+9:Wa(Rep(H,))

where W is a projection matrix just as Wyi. Now
the aggregate loss function

.
Lagg = — Z y; log(H3),
j=1

and the full loss incorporates both the original and
the aggregate losses (involving retrieved docs) into

L= £agg + £0rig-

During inference, the output logits ought to be in-
formed by the augmentation of the retrieved docu-
ments. Hence, the aggregated form H, is used to
predict the relation.

4 Experiments

4.1 Datasets

We conduct the experiments on three commonly
used biomedical relation extraction datasets: CDR,
ChemProt and BioRED. Table 1 displays the result-
ing processed statistics of the datasets.

¢ CDR (Li et al., 2016) is annotated at the en-
tity level for chemical-disease inducement re-
lations of PubMed abstracts. Each entity is
normalized to a unique identifier (e.g., lido-
caine — D008012). Therefore, one identi-
fier could sometimes refer to multiple entity
strings. Because there are only two entity
types: chemical and disease, and one rela-
tion type (inducement), the task simplifies to
binary classification. To create a more diffi-
cult and realistic evaluation setting, we sever
the linkage between mentions that share the
same identifier, splitting them into separate
relation instances. This adjustment ensures
that each entity mention is handled indepen-
dently, making the task more challenging than
the standard setup that operates on normalized
entities.

¢ BioRED (Luo et al., 2022) dataset is built on
top of the original CDR abstracts, but it greatly
expands both the entity and relation invento-
ries, incorporating six entity types (chemical,

disease, gene/protein, ...) and eight relation
categories. Like CDR, BioRED includes nor-
malized entity annotations, so we process it in
the same manner as CDR dataset.

* ChemProt (Krallinger et al., 2017) captures
interactions between chemicals and genes or
proteins, collected from PubMed abstracts and
spanning five relation types. Because the an-
notations are at the entity mention level, we
apply no additional preprocessing.

Dataset #Pred. #Train # Valid #Test Nor.
CDR 1 8441 8340 8502  Yes
BioRED 8 37286 11407 11880  Yes
ChemProt 5 17991 11328 15474 No

Table 1: Statistics of datasets used (columns 3-5 are
numbers of instances/relations used in our experiments).

4.2 Retrieval corpora

Corpus #Snippets Ave. L Domain Entity-wise Pairwise
PubMed 23.9M 296 Biomed. v v
Wikipedia 29.9M 162 General v

Table 2: Statistics of the corpora; Entity-wise and Pair-
wise denote whether the corpus is applied with entity-
wise query or pairwise query.

For retrieval, we employ two corpora, PubMed
abstracts and Wikipedia articles, which together
provide broad and diverse coverage of biomedi-
cal knowledge. PubMed serves as our biomed-
ical corpus, whereas Wikipedia represents the
general-domain corpus. As described in Section
3.1, we generate two retrieval queries for every en-
tity pair: an entity-wise query, executed on both
corpora, and an entity-pairwise query, applied only
to PubMed abstracts due to efficiency considera-
tions. The details of each corpus are in Table 2.

Dataset #Pairs ‘ #Mentions %PubMed % Wiki
CDR 21853 5384 69.4% 30.6%
BioRED 58998 6048 66.4% 33.6%
ChemProt 28449 12310 60.3% 39.7%

Table 3: Statistics on the retrieved snippets for all three
datasets, combining the training, validation, and test
splits; #Pairs and #Mentions denote the counts of
unique pairs and unique mentions, respectively.

We query with each entity’s surface form, so
when multiple mentions share the same identifier
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CDR BioRED ChemProt
Model
P R F P R F P R F

BiomedBERT 57.6 679 623 529 532 53.1 81.1 754 782
GRAFT w/ BiomedBERT (ours) 586 774 66.714.4|558 537 54711.6 |80.5 788 79.611.4

BERT-based
Llama-3.2-3B-Instruct 69.6 62.0 65.6 542 51.6 529 734 599 66.0
w/ Retrieval 67.6 587 628 542 502 52.1 737 556 634
Llama-3.1-8B-Instruct 62.7 768 69.0 588 542 564 772 664 714
w/ Retrieval 674 712 69.2 59.2 551 57.1 772 654 70.8
GRAFT w/ Llama-3.2-3B-Instruct (ours) 67.9 747 712156 | 64.7 627 63.7110.8|76.6 656 70.614.6

Causal LMs

Table 4: Experimental results of GRAFT compared to corresponding baseline models. Our method consistently
outperforms the corresponding baselines and surpasses the larger 8B model on CDR and BioRED. Improvements
are shown with 1, representing gains over the baseline using the same transformer model.

(e.g. Parkinson’s disease and PD), every mention
is submitted to the retriever separately. Following
Xiong et al. (2024), we chunk each corpus into
short snippets to enhance retrieval granularity, re-
duce noise, and ensure that the retriever returns
passages focused on the target entities. These snip-
pets are ranked by MedCPT according to the rel-
evance scores it assigns; for efficient fine tuning,
we select the top one to five snippets and feed them
into GRAFT. Statistics of retrieved snippets are
displayed in Table 3. Although Wikipedia holds
more snippets overall, entity-wise queries return
substantially more snippets from PubMed, reflect-
ing our emphasis on biomedical tasks. Since the
number of unique mentions is much smaller than
that of unique pairs across all three datasets, us-
ing entity-wise queries for retrieval is considerably
more efficient.

4.3 Baseline models

As outlined in Section 3.3, we evaluate our
framework in two architectural settings: (i) bidi-
rectional encoder models and (ii) left-to-right
(causal) language models. For the causal-LM
track, we adopt the recently released Llama-
instruct models: Llama-3.2-Instruct-3B and
Llama-3.1-Instruct-8B. For the encoder-based
setting, we select BiomedBERT (Gu et al., 2021),
a transformer encoder pre-trained exclusively on
PubMed abstracts. We fine-tune BiomedBERT fol-
lowing Zhong and Chen (2021), a commonly used
fine-tuning approach for RE tasks.

In baseline experiments, we fine-tune Biomed-

Model ‘ Size  Context Length Domain
BiomedBERT 110M 512 Biomed.
Llama-3.2-Instruct 3B 128k General
Llama-3.1-Instruct 8B 128k General

Table 5: Model selection of our baseline experiments.

BERT using only the original text; its input-length
limit of 512 tokens prevents appending any re-
trieved documents. (Note that this restriction ap-
plies only to naive augmentation; GRAFT allows
for retrieval augmentation because of parallel pro-
cessing of individual snippets.) For Llama models,
we conduct two separate fine-tuning regimes: one
on the raw input and one on document-augmented
input, both optimized with the standard language
modeling objective:

T

,CLM(Q) = — Zlog Pg (mt ‘ l‘<t).
t=1

We employ the instruction template from Figure 6,
consistent with the zero-shot configuration. We
provide all model choices in Table 5.

4.4 Main results

We present our results in two model categories:
bidirectional encoders (e.g., BiomedBERT) and
causal LMs. As shown in Table 4, GRAFT
fine-tuned on BiomedBERT outperforms standard
BiomedBERT fine-tuning, yielding F1 improve-
ments of 1.4 % to 4.4 %. This demonstrates that
even encoder models with limited context length
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CDR BioRED ChemProt

Model
P R F P R F P R F

BiomedBERT (baseline) 576 679 623|529 532 531|811 754 782
GRAFT-Entity-wise 58.6 774 667|558 537 547|805 788 179.6
GRAFT-Pairwise 58.0 71.1 639 - - - 81.5 774 794

BERT-based
Llama-3.2-3B-Instruct (baseline) 69.6 62.0 65.6 | 542 51.6 529|734 59.9 66.0
GRAFT-Entity-wise 679 747 712|647 627 637|766 656 70.6
GRAFT-Pairwise 62.7 76.8 69.0 - - - 774 648 70.6

Causal LMs

Table 6: Results comparing different retrieval query criteria; BioRED results for pairwise snippets are excluded due

to the vast number of unique entity pairs.

CDR

BioRED

ChemProt

#Docs

Figure 2: F1-score comparison based on different numbers of entity-wise documents retrieved.

can benefit from retrieval augmentation when fine-
tuned with GRAFT. For causal LMs, we also eval-
uate a retrieval-augmented variant of vanilla fine-
tuning to leverage their extended context capacity.
GRAFT-tuned Llama-3.2-3B-Instruct outperforms
the baseline on all three datasets, with F1 gains
of 5.6%—-10.8%. Additionally, GRAFT with the
3B-parameter Llama model surpasses a larger 8B-
parameter Llama on the CDR and BioRED datasets
by 2.0%—6.6% F1.

The magnitude of improvement varies across
datasets and tracks the difficulty of the underly-
ing task. ChemProt has a high baseline F1 in the
BiomedBERT setting (78.2 vs. 62.3 for CDR and
53.1 for BioRED), leaving relatively less headroom
for improvement; the corresponding 1.4 F1 gain
with GRAFT likely reflects this ceiling effect. Con-
versely, BioRED, the most challenging dataset with
eight relation types and the lowest baseline F1 (52.9
for Llama-3B, 53.1 for BiomedBERT), shows the
largest gain (10.8 F1 with Llama-3B).

We observed an interesting phenomenon: stan-
dard fine-tuning of the 3B-parameter Llama model

with retrieved documents actually degrades per-
formance compared to fine-tuning without docu-
ment augmentation. However, with the larger 8B-
parameter model, this performance drop is alle-
viated, suggesting that the additional complexity
from retrieved documents is more challenging for
smaller LMs to manage. GRAFT enables smaller
language models to benefit from retrieval augmen-
tation, which is an advantage that, with naive con-
catenation, is only realized by larger architectures.

We note that the w/Retrieval rows of Table 4
are akin to the core RAG4RE design (Efeoglu and
Paschke, 2025a): retrieved snippets are concate-
nated into the prompt and the model is fine-tuned
with the standard language modeling objective,
without any gating or noise-control mechanism.
The gap between these rows and GRAFT rows iso-
lates the contribution of gated parallel encoding
rather than retrieval itself.

We also present results for various document-
retrieval schemes in Table 6. As BioRED contains
over 50K unique relation pairs, we did not evalu-
ate pairwise retrieval on it. Across the other two
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datasets, entity-wise queries consistently achieve
higher performance for both BERT-based models
and causal LMs. Since each dataset has fewer
unique mentions than unique pairs, using entity-
wise queries is inherently more efficient.

5 Discussion

5.1 Varying number of snippets

We vary the number of retrieved snip-
pets/documents and evaluate how this affects
performance. The results are shown in Figure 2.
To ensure the efficient fine-tuning, we experiment
with retrieving between 2 and 6 snippets, finding
that all three datasets deliver strong results with
just two retrieved snippets. Increasing the number
of retrieved snippets led to performance declines
on BioRED and ChemProt, implying that the
inclusion of too much information can degrade
performance. From a computational angle, limiting
retrieval snippets also keeps both memory footprint
and latency low. With fewer snippets retrieved,
the model can more accurately assign attention,
reducing the risk of overfitting to noisy context.

5.2 Ablation on corpus domains

We found that the choice of corpus domain has an
impact on model performance. To quantify this,
we performed ablation experiments, omitting one
corpus at a time, and present the results in Figure 3.
For BioRED and CDR, the mixed-corpus setup
consistently achieved the highest average F1. In
particular, augmenting PubMed with Wikipedia
improved CDR by 3% F1 and BioRED by 2%
F1, demonstrating that general-domain text can
effectively complement biomedical literature. Con-
versely, relying solely on one domain proved in-
sufficient for these tasks, confirming that a hybrid
corpus strategy yields the most robust results. One
reason could be because Wikipedia has general in-
troductory exposition on many biomedical topics
and hence could offer a clearer signal that is easy
to process semantically compared with compli-
cated jargon-loaded long sentences typically seen
in PubMed abstracts. With ChemProt, which tar-
gets chemical-gene/protein interactions, we ob-
serve a slightly different pattern: PubMed-only re-
trieval delivers near-optimal performance. Adding
Wikipedia incurs a 1% F1 drop. The results in-
dicate that for datasets like ChemProt, where in-
teractions are narrowly defined, domain-specific
literature is more essential.

70 |-
65
60 I

55 T T \

CDR BioRED ChemProt
I8 PubMed 10 WikipediallD PubMed + Wiki

Figure 3: Model performance across different corpora.

5.3 Computational efficiency

We report validation F1 scores on the ChemProt
dataset across multiple epochs with our approach,
comparing with the 3B-parameter Llama baseline
model. As shown in Figure 4a, our model has re-
duced computational demands, and it converges
more rapidly than the baseline, which relies on the
standard language modeling objective. During in-
ference, GRAFT requires only a single forward
pass, making it faster than next-token generation
methods, which require multiple forward passes.
Meanwhile, when processing batched document
inputs, GRAFT only requires a context window
equal to the length of the longest individual doc-
ument or text segment, whereas the baseline ap-
proach requires a context window large enough
to accommodate all concatenated inputs. Conse-
quently, GRAFT delivers substantially faster pro-
cessing speeds than the baseline, which is shown
in Figure 4b.

5.4 Case study: how much does prediction
rely on retrieved information?

A natural concern with retrieval augmentation in
RE is that retrieved snippets, drawn from corpora
reflecting consensus knowledge about entity pairs,
may bias the model toward predicting commonly at-
tested relations rather than the relation as expressed
in the input. This is especially relevant when the
input asserts a novel, qualified, or context-specific
relation that diverges from retrieved snippets. In
Section 1, we posited that this is unlikely to hap-
pen since both training and testing are conducted
against gold relations derived from the input.

Here to examine whether our approach addresses
this concern, we look at the dynamic gate weights
gz across the entire CDR test set, shown in Figure 5
(y-axis: position in sorted order per g,). Across
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Figure 4: Computational performance: (a) learning curve and (b) processing speed.

all instances, g, never exceeds 0.4. Thus, the
gated combination consistently down-weights the
retrieval branch. Despite this bounded influence,
GRAFT improves CDR F1 from 62.3 to 66.7—a
4.4 F1 gain—indicating that retrieval supplies use-
ful background cues without overwhelming local
assertions in the input. This behavior is learned in
GRAFT: the gate is trained jointly with the clas-
sifier and attenuates retrieval when the input is al-
ready informative.

Test instances (sorted)

0.0 0.2 0.4 0.6 0.8 1.0
Relevance Score gy

Figure 5: The gate g, plotted (sorted) over instances of
the CDR test set.

6 Conclusion

In this paper, we demonstrated that a training-free,
zero-shot retrieval system can be effectively com-
bined with task-aligned fine-tuning to address the
challenges of lack of context in biomedical RE. Our
proposed GRAFT framework seamlessly integrates
a lightweight retriever (MedCPT) with both small
encoder models (BiomedBERT) and causal lan-
guage models (Llama), leveraging dynamic weight-

ing to filter noise and amplify task-relevant infor-
mation. Through extensive experiments on CDR,
BioRED, and ChemProt, we showed that retrieval
augmentation yields consistent F1 improvement,
ranging from 1.4% to 4.4% for BiomedBERT and
up to 10.8% for Llama-3B, while maintaining com-
putational efficiency.

7 Limitations

Despite GRAFT’s promise, our effort has some lim-
itations and room for improvement. First, we eval-
uate on three biomedical RE datasets drawn from
PubMed abstracts; generalization to clinical text
or general-domain RE remains to be explored (al-
though the method is agnostic to text type). Second,
we use MedCPT as a frozen, zero-shot retriever;
jointly optimizing the retriever for the RE objec-
tive could yield further improvements. Third, we
tacitly assume adequate coverage of the target enti-
ties in the retrieval corpora; performance on rare or
novel entities with sparse literature warrants further
investigation. Finally, we use a fixed number of
retrieved snippets per instance; adaptive retrieval
strategies that dynamically adjust retrieval volume
could offer additional gains.
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Appendix

Model Input: You are a helpful medical expert, and your task is to extract the relation between
the given entity pairs using the relevant documents. The documents serve as a reference only; the
primary focus for relation extraction should be on the input text. Organize your output in a json
formatted as Dict{{“answer_choice”: str(A/B/C/...)}}. Your responses will be used for research
purposes only, so please have a definite answer.

Here are the relevant documents:

<Documents>

### User: Here is the input text for relation extraction:

<Text>

What is the relationship between the subject <SUBJ> and the object <OBJ>?

Here are the potential choices: A. ... B. ... C. ... D. ... X. ...

Please generate your output in json.

### Assistant:

Model Output: {"answer_choice": "X"}

Figure 6: An example prompt for RE with documents provided used for zero-shot methods.
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