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Abstract001

Biomedical document-level relation extraction002
poses significant challenges beyond sentence-003
level tasks, as it necessitates the integration004
of evidence from entire documents and the005
ability for coherent cross-sentence reasoning.006
While pretrained language models (PLMs)007
demonstrate efficiency in handling local con-008
texts, they often struggle with global de-009
pendency modeling. Conversely, large lan-010
guage models (LLMs) exhibit strong reason-011
ing capabilities but tend to generate hallucina-012
tions in knowledge-intensive biomedical tasks.013
This paper introduces CoRE, a novel cascade014
framework that leverages the complementary015
strengths of PLMs and LLMs through a detect-016
then-rethink paradigm. The PLM serves as an017
efficient detector for high-confidence relations,018
while challenging cases are forwarded to an019
LLM enhanced with semantic retrieval and it-020
erative reasoning mechanisms. Experimental021
results on the BioRED and CDR datasets show022
that CoRE achieves substantial improvements023
over state-of-the-art baselines, validating the ef-024
fectiveness of the proposed cascade paradigm025
for complex biomedical relation extraction.026

1 Introduction027

Biomedical document-level relation extraction028

(BioDocRE) is a critical task that identifies seman-029

tic relations between entities across entire scientific030

documents, forming the foundation for deriving031

structured knowledge from large-scale unstructured032

literature. This task poses substantially greater chal-033

lenges than sentence-level extraction, owing to its034

inherent complexity. Specifically, it demands the035

integration of long-range semantic dependencies036

scattered across documents, robustness to noise037

from domain-specific terminology variations, and038

the ability to process dense specialized knowledge039

beyond the reach of general-purpose language mod-040

els. The accurate extraction of such relations is041

crucial for advancing biomedical research, as it042

Document:

Two distinct mutations at a single BamHI site in phenylketonuria[D010661].

Classical phenylketonuria[D010661] is an autosomal recessive disease[D030342] 

caused by a deficiency of hepatic phenylalanine hydroxylase[OMIM:261600] 

(PAH[5053]). The abolition of an invariant BamHI site located in the coding 

sequence of the PAH[5053] gene (exon 7) led to the recognition of two new 

point mutations at codon 272 and 273 (272gly----stop[rs62514952] and

273ser----phe[rs62514953], respectively). Both mutations were detected in 

north eastern France or Belgium and occurred on the background of RFLP 

haplotype 7 alleles. The present study supports the view that the clinical 

heterogeneity in PKU[D010661] is accounted for by the large variety of 

mutant genotypes associated with PAH deficiencies[OMIM:261600]. 
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Figure 1: An illustrative example of BioDocRE, in which
entities sharing the same ID but varying synonyms are in color.
The colored boxes and lines denote different entity types and
relation types, respectively.

directly supports knowledge discovery and acceler- 043

ates progress in areas including drug development, 044

disease mechanism interpretation, and precision 045

medicine (Luo et al., 2022). 046

Pre-trained language models (PLMs) have 047

emerged as the leading method in BioDocRE, sur- 048

passing earlier sequence models with self-attention 049

and domain-specific pre-training. These advance- 050

ments primarily follow three directions: graph- 051

based structural dependency modeling (Li et al., 052

2025), attention-based entity-pair contextualiza- 053

tion (Xu et al., 2021), and novel task reformulation 054

(Wang et al., 2024). Nonetheless, PLMs remain 055

constrained by heavy reliance on fine-tuning and 056

limited reasoning capacity, particularly for implicit 057

relations or low-resource settings. In parallel, large 058

language models (LLMs) offer a new paradigm 059

with strong in-context learning (ICL) (Brown et al., 060

2020) and reasoning abilities, reducing the need for 061

task-specific annotations (Xu et al., 2024). How- 062

ever, in the precise biomedical domain, LLMs are 063
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prone to hallucination, often generating unsubstan-064

tiated relations that inflate recall at the expense of065

precision (Huang et al., 2025). Their performance066

still lags behind fully-supervised PLMs (Rehana067

et al., 2024), and their high computational cost fur-068

ther hinders large-scale deployment.069

Consider the example in Figure 1, where deter-070

mining the relation between the entity D010661 and071

the entity rs62514952 requires cross-sentence rea-072

soning, as the entities are linked indirectly through073

a bridge entity 5053. Specifically, the second sen-074

tence states that the disease D010661 is caused by075

a deficiency of the gene 5053, while the third sen-076

tence notes that the variant rs62514952 is located077

on the 5053 gene sequence. Moreover, the disease078

entity D010661 appears with multiple synonyms,079

such as phenylketonuria and PKU, which neces-080

sitates both entity disambiguation and evidence081

integration.082

To simultaneously overcome the reasoning limi-083

tations of PLMs on low-confidence instances and084

curb the hallucination bias of LLMs, we propose085

CoRE: an innovative cascade method that syn-086

ergizes the strengths of domain-specific PLMs087

and LLMs, improves accuracy while optimizing088

computational efficiency in BioDocRE through089

confidence-based sample routing. Given the doc-090

ument and entity pairs, a domain-specific PLM091

first generates initial relation predictions and cor-092

responding confidence scores. Instances yielding093

high-confidence predictions are deemed reliably094

resolved and accepted, whereas ambiguous, low-095

confidence samples are selectively routed to an096

LLM for refined prediction. For the LLM stage,097

we employ a semantic retriever to select relevant098

training demonstrations and construct a few-shot099

prompt, and further introduce a tailored iterative100

chain-of-thought (ItCoT) mechanism to encourage101

more grounded, multi-step reasoning. Finally, pre-102

dictions from both routes are aggregated to form103

the final output, allowing the PLM to handle the104

majority of high-confidence cases while reserving105

the LLM’s advanced reasoning only on intricate or106

long-tail cases.107

The main contributions of this work are summa-108

rized as follows: (1) We propose CoRE, a novel109

cascade framework for BioDocRE that leverages110

the complementary strengths of PLMs and LLMs111

via a detect-then-rethink paradigm to achieve ef-112

ficient state-of-the-art (SOTA) performance; (2)113

We design a robust LLM reasoning mechanism en-114

hanced with semantic retrieval and iterative reason-115

ing, significantly reducing hallucinations for more 116

reliable extraction; (3) Experiments on BioRED 117

and CDR show that CoRE substantially outper- 118

forms PLM-only and LLM-only baselines with 119

practical computational costs. 120

2 Related Work 121

2.1 Document-level Relation Extraction 122

Document-level relation extraction (DocRE) aims 123

to identify semantic relations between entities 124

across an entire document, presenting unique chal- 125

lenges beyond sentence-level extraction (Yao et al., 126

2019). Recent PLM-based approaches have ad- 127

vanced along multiple directions. FILR (Li et al., 128

2022) performs multi-granularity inference at both 129

mention-pair and entity-pair levels with bridge 130

nodes, KG-DGAN(Li et al., 2025) explicitly in- 131

corporates external knowledge by constructing a 132

knowledge-enhanced graph, and employs a dy- 133

namic generative adversarial network to refine node 134

representations. Regarding attention optimization, 135

BERT-GT (Lai and Lu, 2021) employs graph Trans- 136

formers (Yun et al., 2019) with neighbor attention 137

to reduce irrelevant noise, ATLOP (Zhou et al., 138

2021) utilizes adaptive thresholding and localized 139

pooling for discriminative representations. SSAN 140

(Xu et al., 2021) integrates co-occurrence and co- 141

reference dependencies via learnable bias terms. 142

From a paradigm perspective, DocuNet (Zhang 143

et al., 2021) treats the relation matrix as an image 144

input and applies U-Net (Ronneberger et al., 2015) 145

to capture global dependencies, Bio-RFX (Wang 146

et al., 2024) decomposes DocRE into predicting 147

potential relation types followed by entity pair ex- 148

traction via a Question-Answering framework. 149

Despite these innovations, existing PLM-based 150

methods heavily rely on statistical co-occurrence 151

patterns and shallow semantic matching rather than 152

genuine multi-step reasoning. Consequently, their 153

performance degrades in low-resource scenarios or 154

when processing samples with implicitly expressed 155

relationships. 156

2.2 LLM-enhanced Reasoning 157

LLMs have demonstrated promising performance 158

on Information Extraction (IE) tasks through ICL 159

(Dong et al., 2024). To further augment adaptability 160

and reliability, researchers widely adopt retrieval- 161

augmented generation (Lewis et al., 2020) to mit- 162

igate hallucinations by retrieving external knowl- 163

edge, alongside chain-of-thought prompting (Wei 164
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et al., 2022) which induces intermediate reasoning165

steps. Specific to relation extraction, GPT-RE (Wan166

et al., 2023) combines task-aware retrieval with167

gold-label-induced reasoning, CoT-ER (Ma et al.,168

2023a) prompts LLMs to generate evidence using169

task-specific conceptual knowledge and then ex-170

plicitly integrates this evidence into a CoT prompt.171

Despite these advances, their performance on172

biomedical RE tasks still lags behind fully super-173

vised PLMs (Rehana et al., 2024), especially in174

BioDocRE where long-range dependencies, im-175

plicit relations, and specialized knowledge pose176

compounded challenges. Existing retrieval mecha-177

nisms fail to adequately aggregate evidence span-178

ning multiple sentences, and standard CoT meth-179

ods generate reasoning paths in a single forward180

pass without error detection or correction mech-181

anisms. Additionally, applying LLMs directly182

to all samples is often infeasible due to pro-183

hibitive computational costs and low processing ef-184

ficiency. While cascade strategy (Ma et al., 2023b)185

have shown promise in sentence-level IE tasks,186

it has not yet been adapted to the complexity of187

document-level reasoning. To bridge these gaps,188

we propose CoRE, a cascade framework that syn-189

ergizes domain-specific PLMs with LLMs through190

confidence-based routing. Our approach incorpo-191

rates a document-level semantic retriever optimized192

for cross-sentence evidence aggregation, and an it-193

erative reasoning mechanism utilizing a dynamic194

error experience library, enabling reflection and195

correction during inference.196

3 Method197

3.1 Task Definition198

The BioDocRE task can be formalized as fol-199

lows: given a biomedical document D, contain-200

ing a set of entities E = {e1, e2, . . . , eN}, each201

entity e corresponds to a set of synonyms Me =202

{m1,m2, . . . ,mk}. For a target pair of entities203

(es, eo), where es, eo ∈ E , the objective is to in-204

fer the corresponding semantic relation r ∈ R,205

where R denotes a predefined set of biomedical re-206

lation types. The final output forms a set of triples207

{(es, r, eo)} derived from the semantic information208

within D.209

3.2 Preliminary Study210

The proposed method is motivated by an empiri-211

cal observation regarding the correlation between212

model confidence and reliability. We define the213

confidence score as the maximum probability as- 214

signed by the model across all possible relation 215

types: 216

C(es, eo) = max
r∈R

P (r | D, es, eo) (1) 217

As illustrated in Figure 2, the performance of PLM 218

DocuNet on the CDR development set demon- 219

strates a strong correlation between confidence and 220

reliability. Higher-confidence predictions yield sig- 221

nificantly greater accuracy and F1-scores, while 222

lower-confidence ones are notably less reliable. In 223

contrast, LLMs show stable performance across 224

the same confidence intervals, but their perfor- 225

mance declines in high-confidence regions due to 226

the prevalence of “no-relation” samples. The LLM 227

has a bias toward predicting the existence of a rela- 228

tion, which leads to a higher rate of false positives 229

and poorer performance on these specific samples. 230

3.3 Model Architecture 231

The overall architecture is illustrated in Figure 3. 232

To synergize the exceptional performance of PLMs 233

on high-confidence predictions with the superior 234

generalization capabilities of LLMs, the proposed 235

CoRE adopts a two-stage prediction paradigm to 236

deal with the BioDocRE task, the PLM efficiently 237

handles reliable high-confidence samples, while 238

routing only the intricate, low-confidence instances 239

to the LLM for refined inference. The following 240

subsections describe each stage in detail. 241

3.4 Initial Prediction by PLM 242

The first stage employs a fine-tuned biomedical 243

PLM to efficiently process documents and assign 244

confidence scores for subsequent routing. For each 245

target entity pair (es, eo) within the document D, 246

the PLM predicts the relation type ros and the con- 247

fidence score cos. To decide which predictions 248

should be trusted, we introduce a confidence thresh- 249

old τ , which is empirically optimized on the devel- 250

opment set via grid search to maximize the overall 251

system performance. For high-confidence samples 252

with confidence score cos satisfying cos ≥ τ , the 253

fully supervised PLM’s predictions are generally 254

reliable, indicating that the model has successfully 255

captured the relevant relational patterns from the 256

training data; thus, these predictions can be ac- 257

cepted directly. Conversely, instances with scores 258

below τ are considered challenging for the PLM, 259

which are routed to the second stage for enhanced 260

reasoning. 261
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Figure 2: Performance comparison across confidence score intervals on the CDR development set. The higher panel illustrates
the F1 scores of DocuNet (solid line) and various LLMs (dashed lines) across different confidence score intervals, revealing the
correlation between performance and confidence. The lower panel displays the distribution of positive and negative samples
within each confidence interval for DocuNet, highlighting the data class imbalance and its impact on models’ performance.

3.5 Mention-Aggregation-based Semantic262

Retrieval263

To mitigate the inherent over-prediction bias of264

LLMs, where models tend to fabricate relations265

between uncorrelated entities, we introduce a novel266

context-aware semantic retriever that augments the267

LLM with contextually relevant demonstrations268

from the training set.269

In BioDocRE, a significant challenge arises from270

the dispersed nature of entity mentions, where a271

single entity often appears multiple times in dif-272

ferent sentences, each providing partial evidence.273

Relying on isolated mention contexts fails to cap-274

ture the global relational semantics. To address this,275

we propose a Mention-Aggregation-based strategy276

that encodes all occurrences of the two target en-277

tities, and aggregates them into a unified relation278

vector, thereby naturally integrating cross-sentence279

evidence for retrieval.280

Given a document D and a target entity pair281

(es, eo), we first construct a document-level seman-282

tic representation for each entity. We segment D283

into sentences, and let Me = {m1,m2, . . . ,mk}284

denote the set of mentions for entity e within these285

sentences. For each mention mi, we extract its286

local context as si. Subsequently, we employ a287

pre-trained Sentence-Transformer (Reimers and288

Gurevych, 2019) model all-mpnet-base-v21 to en-289

1https://huggingface.co/sentence-transformers/

code the local context sentence of each mention. 290

This generates a context-aware mention vector: 291

hi = Encoder(si), ∀mi ∈ Me (2) 292

where hi ∈ Rd encapsulates the local semantic 293

features of the i-th mention. While a target entity 294

may appear multiple times within a document, de- 295

cisive relational evidence is often sparse. Standard 296

average pooling dilutes these specific signals. To 297

address this, we adopt a LogSumExp (LSE) pool- 298

ing strategy to synthesize the mention vectors into a 299

unified entity representation ve ∈ Rd. LSE serves 300

as a smooth approximation of the max operator, 301

enabling the model to selectively emphasize the 302

most salient contextual features while maintaining 303

numerical stability: 304

ve = LSE({h1, . . . ,hk}) = log

(
k∑

i=1

exp(hi)

)
(3) 305

After obtaining the aggregated vectors, for docu- 306

ment D and target entities es and eo, we concate- 307

nate their aggregated vectors vs and vo, then apply 308

L2 normalization to form the final relation repre- 309

sentation, which removes magnitude differences 310

and ensures a consistent basis for similarity mea- 311

surement: 312

vos =
[vs ⊕ vo]∥∥[vs ⊕ vo]

∥∥
2

(4) 313

all-mpnet-base-v2
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Figure 3: The overall architecture of CoRE.

During the inference phase, vos is used to query the314

pre-computed index of the training set. We retrieve315

the Top-K instances based on cosine similarity,316

which serve as grounded demonstrations to guide317

the LLM’s subsequent reasoning.318

3.6 Iterative Chain-of-Thought Reasoning319

Although the semantic retriever identifies contex-320

tually relevant demonstrations from the training321

set, standard ICL and naive CoT prompting tend322

to treat these demonstrations merely as formatting323

templates rather than logical guides. This super-324

ficial utilization not only fails to exploit the full325

instructional value of the demonstrations but also326

renders the reasoning process fragile in complex327

contexts, where a single logical deviation can easily328

lead to error propagation.329

To explicitly guide the LLM in leveraging the330

demonstrations while robustly mitigating halluci-331

nation in BioDocRE, we propose an iterative ItCoT332

mechanism. This approach introduces an iterative333

refinement loop that empowers the LLM to engage334

in self-reflection and actively rectify its initial con-335

clusions. The core idea is to construct a reasoning336

system capable of dynamically learning from er-337

ror experiences, consisting of two collaborating338

components: a Dynamic Error Experience Library339

(DEEL) and an Experience-Driven Iterative Self-340

Reflection (EDISon) process.341

3.6.1 Dynamic Error Experience Library 342

A distinctive feature of the ItCoT mechanism is 343

its capacity for self-improvement. Concretely, be- 344

fore predicting on query instances, we first prompt 345

the LLM to perform a probing inference on the re- 346

trieved exemplars and compare its prediction with 347

the gold label. Upon detecting a deviation from 348

the gold label, we provide LLM with the document 349

context, its erroneous reasoning process, and the 350

golden label, then it is tasked with re-reasoning 351

and summarizing the failure by identifying the “Er- 352

ror Type” and formulating a concise “Explanation 353

& Avoidance Strategy”. These distilled insights 354

are then structured into a knowledge entry and 355

added to the global Error Experience Library, trans- 356

ferring individual errors into generalizable princi- 357

ples that can guide future reasoning, endowing the 358

system with a capacity for continuous learning in 359

BioDocRE. 360

Furthermore, to prevent redundancy, unwieldy 361

growth of the library, and mitigate noise, we intro- 362

duce an LLM-based experience compression mech- 363

anism: When the number of entries exceeds a pre- 364

defined threshold, the LLM is invoked to cluster, 365

deduplicate, and summarize the existing experi- 366

ences, yielding a compact set of error experiences 367

with improved coverage and reduced noise. 368

3.6.2 Experience-driven Iterative 369

Self-reflection 370

Building upon the constructed Error Experience 371

Library, we further instantiate these experiences 372
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as inference constraints via an experience-driven373

iterative self-reflection procedure. Unlike stan-374

dard CoT prompting which is strictly feed-forward,375

our approach induces a iterative “Generate-Reflect-376

Revise” loop within a single model instance.377

Specifically, after obtaining the initial reasoning378

and prediction from LLM, the LLM is prompted to379

review its reasoning trace against the entries in the380

error library, checking for logical errors that match381

known error patterns. This process compels the382

LLM to perform a secondary validation of its own383

thought process and make one of two decisions384

based on its self-reflection:385

• Confirm: If the model determines that its reason-386

ing is sound and free of any known error patterns,387

it outputs a “Confirm” signal. The reasoning pro-388

cess then terminates, and the current prediction389

is adopted as the final result.390

• Revise: If the model diagnoses a flaw matching391

an entry in the library, it is prompted to generate392

a new, corrected reasoning trace and provide an393

updated prediction.394

This “Generate-Reflect-Revise” loop can be iter-395

ated multiple times until the model outputs a “Con-396

firm” signal or a maximum number of iterations397

is reached. This iterative refinement improves the398

reliability of the LLM’s prediction by ensuring that399

only thoroughly validated reasoning is ultimately400

adopted.401

4 Experiment402

4.1 Datasets403

We evaluate CoRE on two publicly available and404

widely recognized biomedical document-level rela-405

tion extraction benchmarks: CDR (Li et al., 2016)406

and BioRED (Luo et al., 2022). The detailed statis-407

tics of these datasets are summarized in Table 1.408

CDR consists of 1,500 PubMed abstracts, and409

serves as a benchmark for identifying relations be-410

tween chemicals and diseases. BioRED is a more411

recent dataset comprising 600 PubMed documents.412

Table 1: Statistics of the CDR and BioRED datasets. We
report the numbers of documents and relation instances in the
training, development, and test sets, together with the numbers
of entity types and relation types.

Dataset Types Documents Relation Instances

Ent. Rel. Train Dev Test Train Dev Test

CDR 2 2 500 500 500 1,038 1,012 1,066
BioRED 6 8 400 100 100 4,178 1,162 1,163

Unlike prior datasets restricted to single entity pair 413

or relation type, BioRED features a comprehen- 414

sive schema with six entity categories and multiple 415

relation types. 416

4.2 Experimental Settings 417

We benchmark CoRE against a diverse set of state- 418

of-the-art methods listed in Table 2 and Table 3, 419

and adopt DocuNet and e2eBioMedRE (Sarol et al., 420

2024) as base PLMs. Their predictions and cor- 421

responding confidence scores serve as the basis 422

for the subsequent routing process. For LLMs, 423

we employed Llama3.1-8B (Dubey et al., 2024) 424

and Qwen2.5-7B (Yang et al., 2024), along with 425

larger-scale models including Deepseek-v3.2 (Liu 426

et al., 2024), GPT-4o (Achiam et al., 2023), GPT- 427

4.1 (OpenAI, 2025a), and GPT-5 (OpenAI, 2025b). 428

All LLMs are deployed using default parameters to 429

ensure reproducibility. The optimal routing thresh- 430

old τ is determined via grid search on the develop- 431

ment set to maximize the hybrid F1-score and is 432

fixed for the test set. We utilize all-mpnet-base-v2 433

to encode relation instances into vector representa- 434

tions. 435

4.3 Main Results 436

Table 2 and Table 3 present the comparative per- 437

formance of baseline PLMs, standalone zero-shot 438

LLMs, and our CoRE method. 439

Performance of zero-shot LLMs. All LLMs 440

exhibit high recall but significantly lower preci- 441

sion compared to supervised PLMs. This con- 442

firms the observation in Section 3.2: LLMs have 443

a strong bias towards predicting the existence of 444

a relation, leading to massive false positives, es- 445

pecially on prevalent “no_relation” samples. Con- 446

sequently, their F1-scores lag far behind domain- 447

specific SOTA PLMs. 448

Effectiveness of CoRE. Compared to the origi- 449

nal prediction, CoRE consistently boosts the per- 450

formance of each LLM. Specifically, on the CDR 451

dataset, CoRE achieves an F1 score of 88.20%, 452

surpassing DocuNet by 1.88%. On the BioRED 453

dataset, our method reaches 66.35% F1 score, ex- 454

ceeding e2eBioMedRE by 1.91%. Crucially, these 455

improvements are observed across the full spec- 456

trum of LLMs, from 7B-parameter open-source 457

model to the most advanced proprietary model 458

GPT-5. This underscores that the coordination 459

paradigm is a powerful and model-agnostic strat- 460

egy, rather than an artifact dependent only on a 461

6



Table 2: Performance comparison on the CDR test sets. Meth-
ods marked with an asterisk (*) indicate our reproduction of
the original models.

Method CDR

Validation Testing
P R F1 P R F1 ∆

Base Group
BioGPT – – – – – 46.17 –
Bio-RFX – – – – – 74.49 –
SSAN(SciBert) – – 68.40 – – 68.70 –
KG-DGAN – – – 78.00 74.00 76.00 –
FILR – – – – – 85.70 –
ATLOP(SciBert)* – – – – – 68.99 –
BERT-GT – – – 64.49 71.79 65.99 –
PubMedBERT – – – 57.84 53.57 55.63 –
DocuNet(SciBert)* 86.38 85.87 86.12 89.03 83.77 86.32 –
e2eBioMedRE* 68.11 75.13 71.45 69.97 71.79 70.87 –

Zero-shot LLMs
Llama3.1-8B 26.16 91.01 40.64 27.34 89.21 41.84 –
Qwen2.5-7B 31.05 89.43 46.09 28.98 92.21 44.10 –
Deepseek-v3.2 37.66 93.67 53.72 39.81 92.02 55.58 –
GPT-4o 45.07 80.53 57.80 48.01 78.14 59.47 –
GPT-4.1 31.64 95.95 47.59 39.75 93.34 55.76 –
GPT-5 56.32 62.55 59.27 62.11 61.82 61.97 –

CoRE Group (Ours)
Llama3.1-8B + CoRE 88.40 87.35 87.87 88.89 85.55 87.19 +0.87
Qwen2.5-7B + CoRE 88.42 87.55 87.98 90.09 85.27 87.61 +1.29
Deepseek-v3.2 + CoRE 88.09 89.92 89.00 88.75 87.34 88.04 +1.72
GPT-4o + CoRE 90.36 84.29 87.22 89.64 86.02 87.79 +1.47
GPT-4.1 + CoRE 88.87 87.55 88.20 89.39 86.12 87.72 +1.40
GPT-5 + CoRE 88.54 89.33 88.93 89.09 87.34 88.20 +1.88

Table 3: Performance comparison on the BioRED test sets.
Methods marked with an asterisk (*) indicate our reproduction
of the original models.

Method BioRED

Validation Testing
P R F1 P R F1 ∆

Base Group
BERT-GT – – – – – 56.50 –
PubMedBERT – – – – – 58.90 –
DocuNet(SciBert)* 59.19 43.84 50.37 64.29 48.93 55.57 –
e2eBioMedRE* 64.59 59.02 61.68 67.81 61.39 64.44 –

Zero-shot LLMs
Llama3.1-8B 11.40 46.42 18.30 12.13 53.57 19.77 –
Qwen2.5-7B 17.52 53.75 26.43 17.25 59.76 26.77 –
Deepseek-v3.2 18.17 48.40 26.42 21.44 49.96 30.00 –
GPT-4o 19.29 52.11 28.16 20.98 52.88 30.04 –
GPT-4.1 19.22 56.51 28.68 21.03 58.21 30.90 –
GPT-5 27.14 63.68 38.06 28.19 62.42 38.84 –

CoRE Group (Ours)
Llama3.1-8B + CoRE 65.75 60.14 62.82 68.68 61.65 64.98 +0.54
Qwen2.5-7B + CoRE 67.94 59.62 63.51 70.82 61.56 65.87 +1.43
Deepseek-v3.2 + CoRE 64.98 65.49 65.23 67.65 65.09 66.35 +1.91
GPT-4o + CoRE 64.89 66.01 65.44 67.98 63.71 65.78 +1.34
GPT-4.1 + CoRE 64.42 65.92 65.16 66.03 65.35 65.69 +1.25
GPT-5 + CoRE 67.10 67.04 67.07 67.81 64.66 66.20 +1.76

specific LLM’s capability. Notably, even smaller462

LLMs like Llama3.1-8B, when integrated into463

CoRE, can outperform original results of much464

larger standalone models, highlighting the frame-465

work’s effectiveness.466

4.4 Ablation study467

To analyze the contribution of each component in468

our method, we visualize the granular performance469

across seven entity pairs as detailed in Figure 5 (c).470

The results indicate that naïve CoT with a standard471

"think step-by-step" instruction does not always472

Figure 4: Performance comparison (F1 score) on the low-
confidence subsets of CDR (top) and BioRED (bottom). The
grouped bars display the performance of four distinct meth-
ods: Base, Naïve CoT, GPT-RE (sentence-level retrieval with
guided reasoning), and the proposed CoRE method with
document-level retrieval and iterative reasoning.

improve LLM performance on the BioDocRE task. 473

For instance, on ⟨Gene-Chemical⟩ pairs, F1 drops 474

from 40.78% to 31.52%. Lacking task-specific 475

guidance, extended reasoning context can occasion- 476

ally introduce noise, leading to performance degra- 477

dation. LoRA fine-tuning markedly improves LLM 478

outputs (e.g., Llama3.1-8B F1 rises from 41.84% 479

to 68.47% on CDR), but incurs high computational 480

cost and remains inferior to PLMs specifically de- 481

signed for DocRE. This validates our premise that 482

direct adaptation of LLMs is not the most efficient 483

path for this task. 484

In contrast, leveraging pre-trained PLMs in com- 485

bination with LLMs, with or without CoT, yields 486

substantial gains, surpassing both individual PLM 487

and LLM baselines. Since neither model undergoes 488

further training or fine-tuning, this underscores 489

the effectiveness of the routing-based coordination 490

method. Compared to the full CoRE method, vari- 491

ants lacking semantic mention aggregation and it- 492

erative reasoning show an average drop of 6.66% 493

F1 score, confirming the effectiveness of the pro- 494

posed task-specific retrieval-augmented iterative 495

reasoning components. 496

4.5 Analysis on Long-tail Relations 497

To further probe the model’s capability on long- 498

tail distributions, we additionally report the perfor- 499

mance of models across seven major entity type 500

pairs of BioRED in Figure 5 (detailed in Table 4), 501

enabling a more granular evaluation under complex 502

scenarios involving multiple entity and relation 503

7



G-D
(n=206)

G-G
(n=195)

G-C
(n=286)

D-V
(n=24)

C-D
(n=424)

C-V
(n=51)

C-C
(n=79)

10

27

45

62

80
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(b) e2eBioMedRE vs CoRE-enhanced LLMs

e2eBioMedRE (Baseline)
GPT-5 + CoRE
Deepseek-v3.2 + CoRE
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(c) Deepseek-v3.2 Ablation Study

+ CoRE
+ SLM
+ Naïve CoT & SLM

Zero-shot
+ Naïve CoT

Figure 5: Radar plots comparing F1 scores across seven entity pairs on the BioRED test set. Radial axes correspond to:
Gene–Disease (G-D), Gene–Gene (G-G), Gene–Chemical (G-C), Disease–Variant (D-V), Chemical–Disease (C-D), Chemi-
cal–Variant (C-V), and Chemical–Chemical (C-C), with sample sizes (n) indicated in parentheses. (a) e2eBioMedRE versus six
zero-shot LLMs. (b) e2eBioMedRE versus CoRE-enhanced LLMs. (c) Ablation study of CoRE components on Deepseek-v3.2.
Shaded regions indicate coverage area for each method; the radial scale ranges from 10% to 80%.

types. As shown in Figure 5(a), the state-of-the-504

art PLM e2eBioMedRE demonstrates a significant505

performance imbalance. While e2eBioMedRE per-506

forms well on common pairs like ⟨Gene, Disease⟩,507

its performance drops precipitously on rare ones508

such as ⟨Chemical, Variant⟩ (17.39% F1) due to the509

lack of sufficient training data. In contrast, CoRE510

(with Deepseek-v3.2) shows substantial improve-511

ments in these rare categories (e.g., +35.57% F1512

on ⟨Chemical, Variant⟩), often doubling the perfor-513

mance, as shown in Figure 5(b). This demonstrates514

that the LLM stage, augmented with semantic re-515

trieval and iterative reasoning, is particularly effec-516

tive for cases requiring nuanced inference while517

the PLM suffer from data scarcity.518

4.6 Comparison with Sentence-level RAG519

We focus our evaluation on a low-confidence sub-520

set, which corresponds to the most challenging521

instances typically routed to the LLM stage. We522

benchmark CoRE against (1) LLMs without CoT523

(Base); (2) LLMs with naïve CoT; and (3) GPT-524

RE (2-shots), a representative method employ-525

ing sentence-level retrieval. Figure 4 shows that526

GPT-RE generally improves over Base setting,527

+2.06% and +1.21% F1 on average for CDR and528

BioRED respectively, suggesting that RAG+CoT529

can be beneficial for BioDocRE. CoRE further530

yields consistent gains over GPT-RE across all set-531

tings, +5.39% and +5.30% average F1 on CDR and532

BioRED. We attribute this improvement to two fac-533

tors: first, CoRE retrieves demonstrations that cap-534

ture document-wide relational semantics, whereas535

GPT-RE’s sentence-level retrieval may miss criti- 536

cal cross-sentence evidence; second, the iterative 537

self-reflection process encourages the LLM to ac- 538

tively validate its inference and learn from transfer- 539

able reasoning patterns. These results highlight the 540

importance of retrieval granularity and reasoning 541

design for BioDocRE. 542

5 Conclusion 543

This paper introduces CoRE, a cascade framework 544

that synergizes PLM with LLM via confidence- 545

aware routing. By integrating mention-aggregation 546

semantic retrieval and iterative reasoning, CoRE 547

effectively addresses PLM limitations on hard and 548

long-tail cases while mitigating LLM hallucina- 549

tions. Experiments on CDR and BioRED con- 550

firm that CoRE substantially outperforms SOTA 551

baselines, validating the efficacy of the detect-then- 552

rethink paradigm. 553

Limitations 554

Despite the empirical success of CoRE, several 555

limitations remain. First, the effectiveness of our 556

retrieval-augmented prompting relies on the avail- 557

ability of relevant examples in the training set. Sec- 558

ond, the confidence-based routing strategy is sensi- 559

tive to threshold selection, requiring manual cali- 560

bration for optimal performance across data distri- 561

butions. Third, while CoRE reduces computational 562

overhead compared to LLM-only approaches, the 563

cascade architecture introduces additional latency 564

for low-confidence samples, potentially limiting its 565

applicability in real-time settings. 566
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A Detailed Performance Results 728

Table 4: Overall performance on CDR and BioRED datasets. Yellow background indicates the best baseline performance
(SOTA). Green background indicates the best performance achieved by our CoRE method. The ∆ columns show the improve-
ment over the respective best baselines (DocuNet F1=86.32 for CDR, e2eBioMedRE F1=64.44 for BioRED). Teal indicates
positive improvement; Red indicates negative difference. Abbreviations: G=Gene, D=Disease, C=Chemical, V=Variant.

Method Variant
CDR Testing Set BioRED Testing Set BioRED Testing Set (Detailed F1)

P R F1 ∆ P R F1 ∆ G-D G-G G-C D-V C-D C-V C-C

Base Group
BioGPT – – – 46.17 – – – – – – – – – – – –
Bio-RFX – – – 74.49 – – – – – – – – – – – –
SSAN – – 68.70 – – – – – – – – – – – –
KG-DGAN – 78.00 74.00 76.00 – – – – – – – – – – – –
FILR – – – 85.70 – – – – – – – – – – – –
ATLOP * – – 68.99 – – – – – – – – – – – –
DocuNet * 89.03 83.77 86.32 – 64.29 48.93 55.57 – – – – – – – –
e2eBioMedRE * 69.97 71.79 70.87 – 67.81 61.39 64.44 – 68.46 70.19 65.47 49.84 71.70 17.39 56.70

BERT-GT – 64.49 71.79 65.99 – – – 56.50 – 54.80 63.50 60.20 42.50 67.00 11.80 52.90

PubMedBERT – 57.84 53.57 55.63 – – – 58.90 – 56.60 66.40 59.90 50.80 65.80 25.80 54.40

Zero-shot LLMs
Llama3.1-8B Zero-shot 27.34 89.21 41.84 – 12.13 53.57 19.77 – 22.39 24.01 28.40 15.75 21.97 30.39 13.75

Qwen2.5-7B Zero-shot 28.98 92.21 44.10 – 17.25 59.76 26.77 – 38.91 34.36 40.08 12.00 26.48 34.31 23.21

Deepseek-v3.2 Zero-shot 39.81 92.02 55.58 – 21.44 49.96 30.00 – 36.30 43.41 40.78 36.67 17.19 28.03 35.70

GPT-4o Zero-shot 48.01 78.14 59.47 – 20.98 52.88 30.04 – 32.22 40.06 38.18 25.00 18.60 36.65 32.84

GPT-4.1 Zero-shot 39.75 93.34 55.76 – 21.03 58.21 30.90 – 32.53 43.07 35.43 31.33 20.96 38.34 32.19

GPT-5 Zero-shot 62.11 61.82 61.97 – 28.19 62.42 38.84 – 41.61 48.21 50.83 28.13 27.60 38.06 50.85

CoRE Group (Ours)
Llama3.1-8B + CoRE 88.89 85.55 87.19 +0.87 68.68 61.65 64.98 +0.54 57.87 72.78 67.63 28.57 68.57 50.49 68.83

Qwen2.5-7B + CoRE 90.09 85.27 87.61 +1.29 70.82 61.56 65.87 +1.43 58.33 73.91 67.41 36.36 66.67 53.16 72.61

Deepseek-v3.2 + CoRE 88.75 87.34 88.04 +1.72 67.65 65.09 66.35 +1.91 57.97 74.09 68.10 40.00 68.87 52.96 72.15

GPT-4o + CoRE 89.64 86.02 87.79 +1.47 67.98 63.71 65.78 +1.34 58.25 73.63 69.53 24.00 67.25 49.52 73.87

GPT-4.1 + CoRE 89.39 86.12 87.72 +1.40 66.03 65.35 65.69 +1.25 55.24 74.62 68.77 41.67 68.49 52.60 69.89

GPT-5 + CoRE 89.09 87.34 88.20 +1.88 67.81 64.66 66.20 +1.76 58.33 72.63 69.53 40.00 68.63 58.93 69.36

Ablation Study
Llama3.1-8B + Naïve CoT 27.28 94.37 42.32 – 16.79 60.88 26.32 – 30.77 33.49 35.40 20.56 25.21 34.23 21.40

+ LoRA 56.58 86.68 68.47 – – – – – – – – – – – –
+ SLM 86.64 86.96 86.80 +0.48 66.29 60.71 63.38 −1.06 56.28 70.59 64.98 26.09 68.34 49.84 66.26

+ Naïve CoT&SLM 86.84 86.68 86.76 +0.44 66.12 62.25 64.13 −0.31 56.28 72.49 65.73 34.78 66.19 49.52 70.29

Qwen2.5-7B + Naïve CoT 28.99 81.89 42.83 – 16.15 55.03 24.97 – 37.99 28.66 40.16 16.39 21.77 33.49 20.29

+ LoRA 62.32 79.27 69.78 – – – – – – – – – – – –
+ SLM 87.41 86.59 86.99 +0.67 64.29 62.85 63.57 −0.87 58.29 71.98 68.55 25.00 65.64 45.88 69.94

+ Naïve CoT&SLM 87.81 85.18 86.48 +0.16 62.92 62.17 62.54 −1.90 56.16 68.04 68.53 25.00 64.96 51.05 66.25

Deepseek-v3.2 + Naïve CoT 38.57 91.74 54.31 – 19.52 57.70 29.16 – 35.82 38.41 31.52 21.98 19.86 36.89 30.51

+ SLM 87.34 87.34 87.34 +1.02 66.12 62.42 64.22 −0.22 56.16 72.11 66.43 41.67 65.04 46.30 73.89

+ Naïve CoT&SLM 87.08 87.24 87.16 +0.84 62.93 63.63 63.27 −1.17 57.55 70.53 61.22 24.00 65.19 49.07 72.13

GPT-4o + Naïve CoT 44.44 76.54 56.23 – 24.11 55.55 33.63 – 38.89 38.85 43.52 32.84 22.90 38.20 39.94

+ SLM 89.36 85.08 87.17 +0.85 63.73 61.65 62.67 −1.77 52.43 70.47 66.43 16.67 62.85 52.44 69.66

+ Naïve CoT&SLM 88.17 85.27 86.70 +0.38 65.94 62.77 64.32 −0.12 55.17 71.54 66.20 25.00 64.22 51.71 73.98

GPT-4.1 + Naïve CoT 38.08 90.24 53.55 – 24.49 55.80 34.04 – 37.80 45.57 39.19 29.85 23.93 38.62 37.71

+ SLM 88.16 86.59 87.36 +1.04 64.09 63.37 63.73 −0.71 54.55 71.25 66.67 40.00 65.64 51.71 68.75

+ Naïve CoT&SLM 88.96 86.21 87.57 +1.25 65.38 62.68 64.00 −0.44 56.31 73.85 65.96 32.00 66.20 49.52 68.66

GPT-5 + Naïve CoT 55.71 81.43 66.16 – 28.35 59.85 38.47 – 41.08 51.22 48.18 34.38 26.44 40.38 46.76

+ SLM 90.39 84.71 87.46 +1.14 64.63 64.57 64.60 +0.16 59.62 73.50 69.18 50.00 65.75 49.08 68.62

+ Naïve CoT&SLM 89.09 85.83 87.43 +1.11 65.91 64.66 65.28 +0.84 57.00 75.00 71.08 32.00 65.40 50.62 71.04

B LLM Prompts for Relation Extraction 729

The following prompts illustrate the primary inference (few-shot), and iterative reasoning. 730

B.1 Primary Inference Prompt 731

This prompt concatenates the generated demonstrations with the target task. 732
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Listing 1: Few-Shot Prompt for Main Inference
733

1 [SYSTEM]734
2 ### Task: Given the following biomedical text and two entities , determine the735

relationship between them.736
3737
4 [USER]738
5 Entity 1: E359 K (Entity)739
6 Entity 2: ventricular septal defect|VSD (Entity)740
7 Text: <... Demonstration Text 1 (GATA4)...>741
8 ... [Relationship definitions and Options omitted for brevity] ...742
9 Output format: MUST begin with 'Let 's think step by step: ', end with 'Final answer:743

X'.744
10745
11 [ASSISTANT]746
12 Let 's think step by step: The text discusses the identification of several mutations747

... <...Model Reasoning ...> ... Therefore , the best fit among the provided748
options is 'Association '.749

13 Final answer: Association750
14751
15 [USER]752
16 Entity 1: S429 T (Entity)753
17 Entity 2: ventricular septal defect|VSD (Entity)754
18 Text: <... Demonstration Text 1 (GATA4)...>755
19 ... [Relationship definitions and Options omitted for brevity] ...756
20 Output format: MUST begin with 'Let 's think step by step: ', end with 'Final answer:757

X'.758
21759
22 [ASSISTANT]760
23 Let 's think step by step:761
24 1. The text describes a genetic study ... <...Model Reasoning ...>762
25 Final answer: Association763
26764
27 [USER]765
28 Entity 1: tachycardia (DiseaseOrPhenotypicFeature)766
29 Entity 2: V1763M (SequenceVariant)767
30 Text: A novel SCN5A mutation manifests as a malignant form of long QT syndrome ...768

<... Target Text...> ...769
31 ### Relationship definitions:770
32 Positive_Correlation: The variant causally increases disease risk ...771
33 Negative_Correlation: The variant is protective ...772
34 Association: A general or unclear connection ...773
35 no_relation: The sentence mentions both ...774
36775
37 ### Output format776
38 Answer MUST: begin with 'Let 's think step by step: ', end with 'Final choice: X'.777778

B.2 Iterative Reasoning Prompt779

This prompt asks the model to review its own reasoning from the previous step.780

Listing 2: Prompt for iterative reasoning
781

1 [USER]782
2 ### Task: Review the prediction for biomedical relation extraction. Your goal is to783

critically identify if the prediction is correct or if it contains any errors.784
3785
4 ### Context:786
5 - Entity 1: tachycardia (DiseaseOrPhenotypicFeature)787
6 - Entity 2: V1763M (SequenceVariant)788
7 - Text: <... Target Text Content ...>789
8790
9 ### Relationship definitions:791

10 <Same Definitions as above >792
11793
12 ### Current Prediction:794
13 Positive_Correlation795
14796
15 ### Reasoning:797

12



16 Let 's think step by step: The text describes a newborn with ventricular tachycardia 798
... <... Generated CoT from Previous Step...> ... Final choice: 799
Positive_Correlation 800

17 801
18 ### Instructions 802
19 1. Analyze the prediction 's reasoning objectively. 803
20 2. Compare it against the list of common errors. 804
21 < Error types , Explanations and strategys > 805
22 3. Provide your response in one of the following two formats ONLY: 806
23 807
24 'Let 's check the reasoning: ...... Final answer: Confirmed.' 808
25 809
26 or 'Let 's check the reasoning: ...... Revised: <new reasoning and prediction.>' 810
27 811
28 Response: 812813

13
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