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Abstract

Relation classification (RC) transforms unstruc-
tured text into structured knowledge by identi-
fying semantic relationships between entities.
As natural language data volumes rapidly in-
crease, manual knowledge extraction has be-
come impractical. Existing zero-shot LLM-
based approaches face limitations due to sparse
RC task representation in instruction-tuning
datasets and inherent biases toward certain re-
lation types. To address these challenges, we
propose Binary Relevance Elicitation (BRE), a
true/false prompting framework that system-
atically queries an LLM for each candidate
relation between two entities from a closed
set of relation types. BRE incorporates rele-
vance scoring to identify the most likely rela-
tion among those classified as “true,” reducing
false positive predictions. We evaluate BRE
using multiple open-source LLMs and achieve
state-of-the-art zero-shot RC accuracy across
the TACRED family of datasets. Our results
demonstrate performance improvements with
newer model releases that are independent of
parameter count, suggesting information rep-
resentation advances within LLMs drive zero-
shot RC capabilities.

1 Introduction

Social network analysis reveals how entities (peo-
ple, organizations, locations) connect and how
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Figure 1: Zero-shot BRE prompting pipeline using the
relevance elicitation measure (ρ) to select the relation for
a given context (c) and entity pair. The predicted relation
is the one with the highest relevance measure from the
set of possible relations (rpred ∈ rpotential ⊆ R).

these connections influence social behavior and out-
comes. Relation classification (RC) identifies se-
mantic relationships between entities in sentences,
converting unstructured text into structured data.
These triplets enhance knowledge classification,
improve information retrieval and question answer-
ing, and generate knowledge graphs (Zhao et al.,
2024a; Nayak et al., 2021).

RC has achieved state-of-the-art performance by
leveraging pre-trained language models (PLMs) to
extract relation triplets (Park and Kim, 2021; Han
et al., 2022; Zhou and Chen, 2022; Huguet Cabot
et al., 2021). However, a fundamental misalign-
ment persists: top-performing PLMs rely on pre-
training objectives like masked language model-
ing that fail to capture the structured semantic re-
lationships between predefined entity pairs (De-
vlin, 2018; Liu, 2019). While some efforts have
reframed RC as textual entailment or natural lan-
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guage inference (Obamuyide and Vlachos, 2018;
Chanthran et al., 2026), PLM-based approaches re-
main critically dependent on large volumes of high-
quality labeled training data (Huguet Cabot et al.,
2021; Elsahar et al., 2018; Zhao et al., 2024a). Lan-
guage ambiguity makes annotating semantic rela-
tions inherently challenging, producing incomplete
or inconsistent ground-truth data that varies by an-
notator perspective and dataset domain. The ab-
sence of standardized, closed-set training and test-
ing datasets represents a fundamental obstacle to
RC advancement, making zero-shot approaches not
merely desirable but essential for domain-specific
applications.

Large language models (LLMs) have shown
promise with minimal training data (Hang et al.,
2025), yet they falter in critical scenarios: captur-
ing implied knowledge in long-tail cases where
entity relations must be globally inferred (Zhao
et al., 2024b), and handling complex multi-relation
sentences without handcrafted templates for each
relation type (Li et al., 2024; Geroimenko, 2025;
Aguda et al., 2025). We introduce a zero-shot ap-
proach to RC centered on relevance elicitation, a
quantitative ranking mechanism that identifies op-
timal relation types and directly addresses LLMs’
systematic over-prediction bias. While our method
uses binary true/false queries as a lightweight foun-
dation which avoids manual template customiza-
tion, the performance gains stem primarily from ag-
gregating these queries into relevance scores rather
than treating them as final decisions. This shift
toward ranked, relevance-based selection is the key
driver of our results, mirroring the binary relevance
filtering approach of Zhuang et al. (2024) for docu-
ment ranking. Our method achieves state-of-the-art
zero-shot RC performance across the TACRED
family of datasets (Zhang et al., 2017) using vari-
ous open-source LLMs.

2 Related Work

2.1 From Supervised to Zero-Shot Closed RC

RC methods vary in supervision requirements and
output structures. Traditional supervised RC ap-
proaches using deep neural networks require sub-
stantial annotated training data, limiting their ap-
plicability to new domains or relation types. Unsu-
pervised relation extraction methods eliminate this
annotation burden, primarily employing clustering-
based techniques that extract entities via named-
entity taggers and group entity pairs based on con-

textual similarity (Detroja et al., 2023). However,
these methods produce open-ended clusters rather
than assignments to predefined relation labels, mak-
ing interpretation ambiguous and challenging to
evaluate when sentences contain entity pairs with
multiple relations. Zero-shot closed RC addresses
these limitations by enabling users to specify a pre-
defined set of relations of interest without requiring
annotated training examples. This approach com-
bines the flexibility of unsupervised methods (no
annotation requirement) with the interpretability
of supervised methods (explicit, user-defined label
assignments), making it particularly suitable for
domain-specific applications where relation types
are known but labeled data is scarce.

2.2 Pre-Trained Language Models (PLMs)

PLMs have advanced RC by eliciting rich knowl-
edge from large pre-trained models (Huguet Cabot
et al., 2021; Tang et al., 2022; Sui et al., 2023).
Models like BERT (Devlin, 2018), RoBERTa (Liu,
2019), and ELMo (Peters et al., 2018) produce
contextualized representations where token mean-
ing depends on surrounding context, enabling nu-
anced understanding of entity relationships within
sentences. PLM-based RC approaches employ
fine-tuning to adapt these models for specific RC
tasks. However, standard pre-training objectives
(e.g., masked language modeling, next-token pre-
diction) do not naturally capture structured seman-
tic relationships, creating reliance on task-specific
training data (Hang et al., 2025). This creates two
key limitations that zero-shot closed RC addresses:
significant computational requirements for training
and inference, and tendency to overfit on domain-
specific datasets (Detroja et al., 2023).

2.3 Large Language Models (LLMs)

LLMs have transformed zero-shot RC through two
primary approaches: direct RC and synthetic data
generation for training downstream models. For di-
rect classification, prompt engineering approaches
typically require no additional fine-tuning, simpli-
fying deployment and eliminating the need for an-
notated few-shot data (Chia et al., 2022; Li et al.,
2024). Alternatively, LLMs can generate synthetic
training data as supplementary samples for un-
seen relations (Xu et al., 2023). However, effec-
tive prompt engineering for direct classification
requires considerable subject matter expertise spe-
cific to the RC-employed domain (Geroimenko,
2025), and out-of-the-box LLM performance is
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limited by general language understanding capabil-
ities and training biases (Aguda et al., 2025; Dai
et al., 2024).

Recent efforts show LLM performance varies
significantly with prompt templates (Liu et al.,
2023; Zhang et al., 2023a; Xu et al., 2024). To
address this, approaches have incorporated addi-
tional context (Wan et al., 2023), entity type infor-
mation (Zhang et al., 2023a), multi-step prompting
for chain-of-thought control (Layegh et al., 2024;
Hannah et al., 2025), and logical searches for dis-
crete prompts to avoid manual design (Xu et al.,
2024). A common observation is that task simplifi-
cation correlates with improved LLM performance
(Zhou et al.; Khot et al.). Our approach uniquely
simplifies RC to a binary decision and adapts the
LLM-as-a-judge framework (Gu et al., 2024) to
eliminate domain-specific prompt-tuning while im-
proving performance.

3 Methodology

BRE, described in Algorithm 1, simplifies RC to
a series of binary decisions while enabling princi-
pled relation selection through relevance scoring.
For each entity pair (eh, et) in context c, BRE it-
erates through type-compatible relations from a
predefined set R, prompting the LLM to evaluate
whether each relation ri holds and rate its relevance
ρ to the context on a 0-10 scale, given the relation
definition di and the statement “eh and et are some-
how connected through the relationship of ‘ri’.”

Pairing binary classification with a relevance
score is critical: the binary decision identifies plau-
sible relations, while ρ enables ranking among mul-
tiple true relations. BRE returns the highest-scoring
relation among all ‘true’ classifications1, or ‘no re-
lation’ if none qualify. This mechanism directly
addresses the multi-relation challenge in RC, pro-
viding a principled, interpretable basis for relation
selection without domain-specific prompt engineer-
ing or few-shot examples. See Appendix A.1 for
the prompt template.

3.1 Closed RC Definition

The RC task considers a given sentence c, a set
of entities E ⊆ c, entity pairs (eh, et) ∈ E × E
where eh ̸= et, and a set of relation types R. The
task identifies the semantic relations between entity

1If two relations are assigned the same relevance score,
the selected relation is randomly chosen for this evaluation.
Additional details are provided in Appendix A.5

Algorithm 1 Binary Relevance Elicitation (BRE)

Require: sentence c, entity pair (eh, et), entity types
(etypeh , etypet ), relation set R, valid type pairs Tr , defini-
tions D, LLM θ
Rvalid ← {r ∈ R | (etypeh , etypet ) ∈ Tr}
rpot ← ∅ ▷ Store LLM-selected relations
for ri ∈ Rvalid do

prompt← construct_prompt(c, eh, ri, et, D(ri))
(yi, ρi)← θ(prompt)

▷ yi ∈ {TRUE, FALSE}, ρi ∈ [0, 10]
if yi = TRUE then

rpot ← rpot ∪ {(ri, ρi)}
end if

end for
return |rpot| = 0 ? ‘no relation’ : argmax(r,ρ)∈rpotρ

pairs in c. The RC output is a set of sentence-
level triplets ⟨eh, rpred, et⟩ where rpred ∈ R ∪
{‘no relation’}. Zero-shot RC employs no fine-
tuning on the target relations, and no examples are
included in the prompt. The performance varies
substantially across LLMs even under identical task
framing. By holding the dataset and prompt fixed,
this work isolates and evaluates these cross-model
differences. Figure 1 shows the flow to identify the
predicted relation for a valid entity pair.

3.2 Entity-Type Aware Querying
Entity type constraints critically reduce the search
space of potential relation triplets. By defining
valid entity type pairs (etypeh , etypet ) for each rela-
tion, we systematically filter candidate relations
before LLM inference. Specifically,

Rvalid = {r ∈ R | (etypeh , etypet ) ∈ Tr}

where Tr is the set of valid type pairs for rela-
tion r as defined by TACRED dataset annotation
guidelines (Ellis et al., 2015). This leverages do-
main knowledge to eliminate semantically invalid
combinations (e.g., testing “founded by” for two
location entities) (Zhang et al., 2023a). This op-
tional type-aware filtering improves computational
efficiency and extraction precision by focusing on
semantically plausible candidates, yielding more
reliable and cost-effective RC systems.

3.3 Relation Definition Context
Including relation definitions in prompts serves as
a disambiguation mechanism (Zhou et al., 2024).
Natural language descriptions establish clear se-
mantic boundaries for interpreting relation types,
which is useful for ambiguous or overlapping re-
lations (e.g., distinguishing “employed by” from
“affiliated with”). Grounding reasoning in explicit
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Model Huggingface Model ID Parameter Size (B) Release Date
Llama-3.2-3B meta-llama/Llama-3.2-3B-Instruct 3 09/25/2024
Llama-3.1-8B meta-llama/Llama-3.1-8B-Instruct 8 07/23/2024

Llama-3.1-70B meta-llama/Llama-3.1-70B-Instruct 70 07/23/2024
Llama-3.3-70B meta-llama/Llama-3.3-70B-Instruct 70 12/06/2024

Llama-4-Scout-17B-16E meta-llama/Llama-4-Scout-17B-16E-Instruct 109 04/05/2025
Mistral-7B mistralai/Mistral-7B-Instruct-v0.2 7 12/25/2023

Mixtral-8x7B mistralai/Mixtral-8x7B-Instruct-v0.1 56 12/10/2023
Mixtral-8x22B mistralai/Mixtral-8x22B-Instruct-v0.1 176 04/17/2024

Qwen2.5-VL-32B Qwen/Qwen2.5-VL-32B-Instruct 32 02/19/2025
DeepSeek-R1-Distill-Qwen-32B deepseek-ai/DeepSeek-R1-Distill-Qwen-32B 32 02/23/2025

Table 1: Evaluated LLM version details including their corresponding Huggingface model IDs, their parameter
sizes, and release dates in the format MM/DD/YYYY

definitions reduces semantic confusion and ensures
consistent interpretation across contexts, rather
than relying on implicit, context-dependent asso-
ciations. Specifically, we define D = {ri : di}
such that di is the definition for ri as described in
the TACRED family dataset annotation guidelines
(Ellis et al., 2015; Stoica et al., 2021).

4 Evaluation

4.1 Experimental Setup

LLM Models We evaluate open-source LLMs
from multiple families (Llama, Mistral, Qwen, and
DeepSeek) detailed in Table 1, spanning varying
parameter counts to examine correlations between
model size, organization, release date, and RC per-
formance. The same prompt template was used
across all models.

Computational Usage We implemented our ap-
proach using VLLM on NVIDIA H100 GPUs, scal-
ing resources by model size (up to four H100s for
the largest model). We performed five inference
runs per model and report averaged results to ac-
count for stochastic variation.

NoTA Evaluation LLM-based RC systems ex-
hibit a critical bias: they over-assign named rela-
tions rather than predicting “no relation” or the
none-of-the-above (NoTA) class, even when no
valid relationship exists (Wan et al., 2023; Ma et al.;
Zhang et al., 2023b). This bias is amplified by
the asymmetric nature of many relations, requir-
ing evaluation of numerous ordered entity pairs
with potentially no predefined relationship (Qin
et al., 2021; Baek and Choi, 2022), resulting in se-
vere class imbalance that increases false positives
and reduces precision. Our relevance elicitation
method mitigates this by ranking potential false
positives through comparative relevance scoring

across candidate relations. Since Gutierrez et al.
(Gutierrez et al., 2022) attributed early LLM under-
performance on RC largely to poor NoTA handling,
we report both NoTA-included and NoTA-excluded
metrics for comparison with prior work.

Parsing LLM Outputs All evaluated LLMs fol-
lowed a specified format starting with “true” or
false” followed by the numerical relevance score.
Llama-4-Scout-17B-16E consistently placed this
output at the end of its response and required a
modified parsing script. Complete parsing scripts
are provided in Appendix A.2. Additional analysis
regarding invalid outputs and no-score outputs are
included in Appendix A.5.

4.2 Baselines

Few-Shot Baselines ODDA (Zhong et al., 2025)
employs data augmentation to iteratively generate
few-shot examples based on the RE model’s pre-
dictions for target relations, then produces diverse
training data using attribute-based constraints. Con-
sistRE (Zheng et al., 2024) uses relation-specific
keywords as generation constraints to encourage
relation consistency. However, it requires access
to an external corpus for keyword extraction, an
assumption that may not be feasible in all scenarios.
Lastly, both approaches use DeepSeek-v3 (671B
parameters) along with its PLM backbone.

Zero-Shot Baselines QA4RE (Zhang et al.,
2023a) reformulates RC as multiple-choice
question-answering by incorporating valid entity
pairs into pre-defined relation templates as answer
options. SUMASK (Li et al., 2023) takes a dif-
ferent approach, combining LLMs with natural
language inference and chain-of-thought reason-
ing to sequentially query whether each candidate
relation exists between entity pairs through iter-
ative decomposition. REA (Layegh et al., 2024)
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Dataset Model macro-average weighted-average micro-F1

Prec. Rec. F1 Prec. Rec. F1 Accuracy

Re-TACRED

Llama-3.2-3B 17.5±0.29 41.4±0.91 20.9±0.4 58.0±0.37 46.8±0.74 49.1±0.59 42.3±0.56

Llama-3.1-8B 21.8±0.3 53.5±1.02 27.7±0.24 64.0±0.22 51.0±0.88 50.1±1.0 43.6±1.02

Llama-3.1-70B 61.4±0.49 53.6±1.07 54.4±0.76 80.7±0.2 76.0±0.17 75.8±0.11 79.1±0.25

Llama-3.3-70B 57.9±1.92 62.9±3.21 57.8±1.53 73.2±8.32 72.4±2.93 71.4±4.47 79.5±0.4

Llama-4-Scout-17B-16E 57.8±0.37 73.3±0.62 62.1±0.47 86.9±0.33 83.9±0.33 84.6±0.29 83.5±0.29

Mistral-7B 39.1±0.89 55.8±2.84 40.6±2.31 67.1±4.91 63.7±3.35 63.4±3.44 66.1±1.55

Mixtral-8x7B 48.2±0.96 58.0±1.02 47.2±0.47 75.4±0.41 72.7±0.57 72.4±0.39 72.1±0.61

Mixtral-8x22B 50.7±1.28 61.3±1.16 52.6±1.25 81.7±0.35 77.7±0.34 78.2±0.33 79.5±0.5

Qwen2.5-VL-32B 66.2±0.16 64.4±0.27 61.9±0.22 86.5±0.01 82.5±0.03 83.2±0.03 85.4±0.03

DeepSeek-R1-Distill-Qwen-32B 44.4±0.29 60.7±2.36 48.4±0.78 76.2±0.38 74.2±0.36 74.2±0.28 74.4±0.45

TACREV

Llama-3.2-3B 21.2±0.24 47.6±0.82 24.2±0.39 75.7±0.23 54.5±0.41 61.3±0.19 49.6±0.36

Llama-3.1-8B 22.0±0.52 65.0±1.64 28.8±0.67 79.2±0.32 52.1±1.05 58.9±1.02 47.6±0.99

Llama-3.1-70B 56.8±0.55 60.1±2.03 54.6±1.16 85.7±0.33 87.5±0.06 86.1±0.18 85.8±0.13

Llama-3.3-70B 55.7±0.2 70.5±0.01 59.6±0.31 87.9±0.37 88.2±0.26 87.8±0.3 86.4±0.22

Llama-4-Scout-17B-16E 52.2±0.52 82.2±1.21 60.6±0.53 90.9±0.11 88.3±0.14 88.9±0.11 86.7±0.1

Mistral-7B 37.5±0.13 69.1±0.73 44.5±0.15 84.6±0.13 74.3±0.21 77.8±0.15 73.3±0.22

Mixtral-8x7B 46.1±0.79 70.6±1.4 52.5±0.48 86.2±0.24 80.2±0.4 82.3±0.25 78.6±0.39

Mixtral-8x22B 46.8±0.43 72.1±0.79 53.9±0.44 88.0±0.11 87.1±0.14 87.2±0.11 85.3±0.11

Qwen2.5-VL-32B 62.6±0.6 76.7±0.25 65.0±0.1 91.8±0.19 90.6±0.02 90.5±0.01 90.0±0.01

DeepSeek-R1-Distill-Qwen-32B 42.3±0.6 70.9±0.6 49.2±0.47 85.6±0.17 83.5±0.45 84.0±0.23 80.7±0.47

TACRED

Llama-3.2-3B 22.9±0.39 46.0±1.06 25.4±0.34 75.2±0.24 54.2±0.36 61.1±0.28 49.8±0.34

Llama-3.1-8B 23.6±0.26 59.8±0.96 30.2±0.4 78.1±0.05 51.7±0.98 58.6±0.83 48.0±0.87

Llama-3.1-70B 54.7±1.36 50.7±1.34 50.5±1.11 84.0±0.19 84.8±0.19 83.9±0.18 83.4±0.3

Llama-3.3-70B 52.3±0.38 62.1±1.55 55.1±1.0 86.8±0.29 84.9±0.04 85.6±0.15 84.1±0.07

Llama-4-Scout-17B-16E 52.0±0.31 70.0±0.96 57.6±0.38 88.5±0.11 85.3±0.15 86.5±0.13 84.6±0.14

Mistral-7B 39.0±0.82 60.1±0.48 43.2±0.38 83.0±0.07 72.9±0.32 76.5±0.23 72.3±0.32

Mixtral-8x7B 47.7±0.39 60.1±0.63 49.8±0.42 84.4±0.09 78.7±0.31 80.9±0.2 77.4±0.25

Mixtral-8x22B 48.0±0.2 63.6±0.18 52.6±0.16 86.1±0.44 84.2±0.15 84.9±0.26 83.1±0.16

Qwen2.5-VL-32B 60.6±0.53 63.4±0.2 58.4±0.12 89.0±0.21 86.8±0.04 87.3±0.04 86.9±0.04

DeepSeek-R1-Distill-Qwen-32B 43.3±0.84 61.0±1.02 47.7±0.71 83.8±0.26 81.4±0.32 82.2±0.21 79.2±0.37

Table 2: NoTA-included zero-shot RC performance on the TACRED family of datasets. The gray scores indicate
highest performing score of the category. Performance and standard deviations are represented as percentages (%).

employs a more elaborate four-stage prompting
strategy: identifying entity types, filtering relation
candidates by entity type compatibility, generat-
ing hypothesis sentences with confidence scores
for each candidate, and selecting the final relation
based on accumulated evidence.

4.3 Datasets

TACRED (Zhang et al., 2017) is a widely-used
dataset for sentence-level relation extraction with
42 relation types, containing annotated news arti-
cles and web documents with entities and prede-
fined relations between persons and organizations
for knowledge base construction. Updated versions
include TACREV (Alt et al., 2020), which corrects
systematic labeling errors (particularly false “no
relation” labels), and Re-TACRED (Stoica et al.,
2021), which employed improved crowd-sourced
annotation and relabeled 23.9% of the original
dataset for enhanced accuracy. Evaluating all three
datasets (entire test sets) demonstrates our method-
ology’s robustness to annotation inconsistencies.

5 Results

5.1 Relation Classification Performance

Qwen2.5-VL-32B consistently shows high RC per-
formance likely due to its advanced attention mech-
anisms and multimodal pre-training which enhance
structured relationship understanding (Wang et al.,
2024). MoE architectures (e.g., Llama-4-Scout and
Mixtral) with specialized tuning showed high ac-
curacy with balanced classification performance
(Shen et al., 2023). Both represent architectural
innovations beyond standard decoder-only trans-
formers, specifically beneficial for tasks requiring
precise semantic relationship extraction.

Observation: DeepSeek-R1-Distill-Qwen-32B
showed inferior expected performance suggest-
ing distillation disproportionately affected se-
mantic relationship identification.

5.2 Baseline Comparisons

BRE prompting demonstrates substantial improve-
ments over existing zero-shot baselines across all
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Qwen2.5-VL-32B 74.7 82.4 73.9

Llama-4-Scout-17B-16E 78.8 86.3 78.8

Llama-3.3-70B 65.6 78.9 73.9
Mixtral-8x22B 69.0 79.4 70.7
Llama-3.1-70B 62.1 68.3 62.7
DeepSeek-R1-Distill-Qwen-32B 66.7 75.7 68.5
Mixtral-8x7B 65.9 71.3 68.0

REA + Mixtral-8x7B - - 58.0
REA + GPT-3.5-Turbo - - 63.5
QA4RE + FLAN-T5 XXL 67.3 54.3 54.5
QA4RE + GPT-3.5-Turbo 61.2 59.4 59.4
SUMASK + GPT-3.5-Turbo - - 57.7

Table 3: NoTA-excluded comparison to state-of-the-art
zero-shot RC methods. The gray scores indicate the

top two micro-F1 scores and the underlined score is
the highest.
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Qwen2.5-VL-32B 85.6 90.0 86.8

Llama-4-Scout-17B-16E 83.2 86.7 84.4
Llama-3.3-70B 79.5 86.4 83.9
Mixtral-8x22B 79.4 85.9 83.0
Llama-3.1-70B 79.1 85.8 83.4
DeepSeek-R1-Distill-Qwen-32B 74.5 80.8 79.3
Mixtral-8x7B 72.4 78.7 77.7

SUMASK + GPT-3.5-Turbo 73.8 75.1 79.6
ODDA/TYP Marker (8-shot) 76.8 - 75.8

ODDA/KnowPrompt (8-shot) 84.1 - 81.0
ConsistRE/TYP Marker (8-shot) 71.8 - 72.6
ConsistRE/KnowPrompt (8-shot) 75.8 - 80.1

Table 4: NoTA-included comparison to state-of-the-art
zero- and few-shot RC methods. All approaches in
this table are zero-shot unless otherwise specified. The
gray scores indicate the top two micro-F1 scores and

the underlined score is the highest.

evaluated datasets2. Most notably, BRE outper-
forms REA (Layegh et al., 2024) even when both
methods employ the same foundational Mixtral
8x7B model, achieving 17% relative increased ac-
curacy on TACRED. The consistent gains across
datasets highlights that our approach effectively ad-
dresses the over-prediction bias inherent in LLM-
based RC.

Using Qwen2.5-VL-32B and Llama-4-Scout,
BRE matches or surpasses the performance of state-
of-the-art few-shot baselines which require labeled

2Reported baseline performance numbers are from original
efforts. Missing reported values were not included in the
original work.

Figure 2: NoTA-included micro-F1 comparison to state-
of-the-art zero-shot RC methods on TACRED dataset

Figure 3: NoTA-excluded micro-F1 comparison to state-
of-the-art zero-shot RC methods on TACRED dataset

data or iterative data augmentation. However, anal-
ysis of NoTA-excluded metrics reveals an impor-
tant distinction between our top-performing mod-
els: Llama-4-Scout outperforms Qwen2.5-VL-32B
in NoTA-excluded scenarios.

Observation: Qwen2.5-VL-32B’s high overall
scores stem largely from strong NoTA classi-
fication, while Llama-4-Scout maintains more
balanced performance.

In Figures 2 and 3, circles (◦) represent BRE, and
diamonds (⋄) represent the baseline methods. The
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size of the shape indicates the parameter size in the
foundational model.3 The baseline release dates in-
cluded are those of the research publication. While
the figures show an upward trend in RC task perfor-
mance over time, our statistical analysis indicates
that this trend is primarily attributable to parameter
size rather than release date itself: a regression con-
trolling for both factors found parameter size to be
a significant predictor of performance (p = 0.006),
while release date was not (p = 0.667), even after
excluding performance inflation from NoTA rela-
tions in Figure 3.

Observation: Statistical analysis highlights per-
formance gains over time are largely explained
by increases in model parameter size rather than
by time-dependent improvements in natural lan-
guage representation alone.

5.3 Relation-Specific Results

Qwen2.5-VL-32B and Llama-4-Scout achieved the
highest accuracy across all three datasets when
paired with BRE prompting. However, the dis-
crepancy between weighted-average and macro-
average scores indicates that performance varies
significantly across different relation types. Fig-
ure 4 presents per-relation F1 scores on the TA-
CRED dataset, revealing that all models exhibit
consistently low performance on the same subset
of relations regardless of overall accuracy differ-
ences. Similar heatmaps for the TACREV and Re-
TACRED dataset are included in Appendix A.3.

Relations such as ‘members of’, ‘members,’ and
‘shareholders’ prove particularly difficult, likely
due to semantic overlap between relation defini-
tions. When multiple relations share similar mean-
ings, the relevance elicitation process may assign
comparable scores across overlapping categories
for a given entity pair, making correct distinction
difficult. Notably, BRE’s relevance elicitation iden-
tifies these challenging cases by providing inter-
pretable scores, enabling more transparent failure
analysis compared to baseline approaches.

Observation: Relevance elicitation enables
transparent identification of challenging relation
types, particularly those with semantic overlap
that confound classification.

3Figure 2 baseline parameter sizes are not scaled since
ODDA and ConsistRE with the DeepSeek-v3 (671B parame-
ters) backbones were too large to visually scale.

Figure 4: F1 scores for the varying relation types in
the TACRED dataset. The relations are sorted based
on their F1 and the models are sorted based on their
macro-F1 scores.

5.4 Ablation Study

Ablation results exploring the impact of: (1) only
including the binary decision in the methodology,
and (2) only using the relevance elicitation without
the binary step are included in Appendix A.4.

Impact of Relation Definitions The impact of
relation-specific challenges are further evidenced
in our ablation study, where removing relation def-
initions resulted in an average relative accuracy
degradation of 4% across the TACRED family of
datasets (p-value = 0.01 < 0.05). Including rela-
tion definitions serves as a semantic anchor grounds
the binary classification task and provides explicit
criteria for what constitutes a valid relationship be-
yond mere label matching. It also contributes more
context regarding what a potential relation may in-
clude in scenarios where the sentence or relation
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Dataset Model macro-average weighted-average micro-F1

Prec. Rec. F1 Prec. Rec. F1 Accuracy

Re-TACRED

Qwen2.5-VL-32B 65.1±0.24 54.9±0.4 54.9±0.27 84.9±0.09 77.6±0.08 78.4±0.1 82.7±0.09

Llama-4-Scout-17B-16E 50.0±0.79 63.2±0.3 51.4±0.45 83.3±0.39 77.3±0.36 78.9±0.36 77.4±0.31

Llama-3.3-70B 54.3±0.86 64.7±1.88 54.1±0.92 82.8±0.42 73.0±0.34 74.8±0.12 76.8±0.33

Mixtral-8x22B 45.0±0.11 60.1±0.89 47.8±0.4 78.0±0.2 72.2±0.07 73.0±0.05 74.9±0.06

Llama-3.1-70B 45.9±0.85 59.5±2.32 47.8±0.95 79.6±0.34 73.4±0.3 74.5±0.28 74.5±0.54

TACREV

Qwen2.5-VL-32B 63.0±0.14 70.9±0.28 61.6±0.19 91.0±0.04 89.7±0.05 89.5±0.04 89.1±0.05

Llama-4-Scout-17B-16E 47.9±0.91 78.0±0.81 55.8±0.83 89.7±0.05 85.1±0.1 86.4±0.08 83.0±0.04

Llama-3.3-70B 51.1±0.55 72.8±0.25 56.6±0.36 88.1±0.25 85.9±0.07 86.4±0.14 84.2±0.1

Mixtral-8x22B 41.7±0.0 71.4±0.0 49.7±0.0 88.1±0.0 83.4±0.0 84.8±0.0 81.6±0.0

Llama-3.1-70B 44.5±0.58 70.6±3.75 50.7±0.74 85.5±0.82 83.8±0.81 84.0±0.46 80.9±0.79

TACRED

Qwen2.5-VL-32B 60.9±0.22 57.7±0.15 55.1±0.1 88.3±0.03 86.2±0.03 86.2±0.03 86.2±0.04

Llama-4-Scout-17B-16E 47.3±0.59 66.0±0.62 52.3±0.41 87.4±0.19 82.3±0.35 84.1±0.3 81.0±0.36

Llama-3.3-70B 50.9±0.81 65.4±1.6 54.7±0.5 87.2±0.66 82.9±0.73 84.5±0.2 82.0±0.51

Mixtral-8x22B 43.8±0.0 64.7±0.0 49.8±0.0 86.1±0.0 81.8±0.0 83.4±0.0 80.5±0.0

Llama-3.1-70B 45.0±1.2 62.3±1.69 49.4±0.35 84.5±0.43 81.4±0.76 82.3±0.37 79.1±0.72

Average ∆ −5.29 −0.31 −4.33 −0.21 −2.95 −2.05 −3.29

Table 5: (Ablation 1) Excluding relation definitions during prompting

Dataset Model macro-average weighted-average micro-F1

Prec. Rec. F1 Prec. Rec. F1 Accuracy

Re-TACRED

Qwen2.5-VL-32B 46.5±6.46 8.6±0.86 12.5±1.46 68.9±0.74 61.1±0.18 55.0±0.28 71.2±0.15

Llama-4-Scout-17B-16E 32.8±3.52 8.7±0.14 11.6±0.4 62.5±1.77 60.3±0.16 54.2±0.29 69.6±0.12

Llama-3.3-70B 39.2±5.13 8.8±0.48 12.0±0.72 64.0±1.04 59.7±0.08 53.1±0.15 69.9±0.12

Mixtral-8x22B 19.6±1.88 6.4±0.86 8.0±1.23 53.0±0.94 58.8±0.23 51.7±0.33 68.8±0.16

Llama-3.1-70B 34.6±1.86 6.7±0.39 8.9±0.47 61.4±1.24 59.6±0.12 52.4±0.17 70.0±0.14

TACREV

Qwen2.5-VL-32B 35.6±3.99 8.5±1.0 11.6±1.35 75.8±0.52 80.8±0.14 74.9±0.29 81.9±0.13

Llama-4-Scout-17B-16E 25.6±1.63 8.1±1.03 10.2±0.95 73.2±0.42 79.6±0.16 74.0±0.17 80.4±0.19

Llama-3.3-70B 29.6±4.31 7.8±0.58 10.2±0.76 75.6±0.87 80.2±0.14 74.6±0.09 81.2±0.25

Mixtral-8x22B 15.5±0.0 6.1±0.0 7.2±0.0 70.5±0.0 79.2±0.0 73.2±0.0 80.3±0.0

Llama-3.1-70B 27.8±3.98 6.9±1.08 9.1±1.68 73.8±0.9 80.0±0.17 73.9±0.26 81.2±0.14

TACRED

Qwen2.5-VL-32B 34.2±2.49 7.5±1.2 10.1±1.28 74.3±0.43 79.2±0.23 73.1±0.29 80.0±0.21

Llama-4-Scout-17B-16E 23.4±1.26 6.6±0.76 8.5±0.77 71.4±0.58 78.2±0.2 72.2±0.18 78.7±0.14

Llama-3.3-70B 30.8±2.13 6.5±0.44 8.9±0.66 74.3±0.95 78.7±0.2 72.8±0.23 79.4±0.24

Mixtral-8x22B 16.3±4.08 5.8±0.83 6.8±0.97 69.6±1.02 77.9±0.17 71.8±0.14 78.5±0.19

Llama-3.1-70B 23.8±3.0 6.4±0.94 8.0±1.07 72.0±0.52 78.6±0.12 72.2±0.19 79.4±0.09

Average ∆ −26.69 −58.5 −47.54 −20.49 −11.22 −17.52 −7.52

Table 6: (Ablation 2) Excluding entity-type aware filtering such that all relations were evaluated for each entity pair

context are ambiguous.

Impact of Entity-Type Awareness Without
entity-type awareness, the model must evaluate all
relations for each entity pair regardless of seman-
tic plausibility. Naturally, precision suffers from
false positives as the expanded search space intro-
duces implausible relation candidates that dilute
relevance elicitation. However, TACRED’s single-
relation constraint implies that BRE always selects
one final relation, regardless of how many relations
are equally relevant to a sentence. Thus, BRE ran-
domly selects a relation among the highest scores,
and with diluted relevance scores, this random se-
lection significantly reduces recall.

6 Conclusion and Future Work

We introduce Binary Relevance Elicitation (BRE),
a zero-shot RC approach that addresses systematic
over-prediction bias in LLM-based RC through
simplified binary prompting and relevance-based
filtering. BRE decomposes multi-class classifica-
tion into independent binary decisions with quan-
titative relevance scoring, achieving state-of-the-
art zero-shot performance on the TACRED family
of datasets and matching or exceeding few-shot
baselines. Notably, regression analysis reveals
that parameter size, rather than model release date,
is the primary driver of zero-shot relation classi-
fication performance, with log10(parameters) ac-
counting for the majority of variance in outcomes;
this finding, while counter to initial visual trends
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across models, suggests that performance scales
log-linearly with model capacity rather than be-
ing primarily attributable to architectural advances
associated with newer model releases.

Our ablation studies further isolate the source of
BRE’s effectiveness. Removing the binary True/-
False component while retaining relevance elici-
tation ranking results in negligible performance
change across all models and datasets, whereas re-
moving relevance elicitation and relying solely on
binary classification leads to substantial degrada-
tion, particularly in precision and overall accuracy,
as the model must select the correct relation from a
much larger candidate pool (Appendix A.4). These
findings confirm that relevance elicitation, rather
than the binary verification step, is the primary con-
tributor to BRE’s performance gains. Additionally,
analysis of our parsing pipeline shows minimal
invalid outputs and no-score rates across most mod-
els, confirming that observed performance trends
reflect genuine model behavior rather than extrac-
tion artifacts (Appendix A.5). However, the com-
paratively higher tie rates observed across models
indicate that relevance elicitation, while effective at
narrowing the candidate set, does not always fully
disambiguate among top-scoring relations, point-
ing to an opportunity for further refinement.

While BRE substantially improves zero-shot
RC performance and provides a robust framework
for NoTA handling, performance variation across
relation types remains an open challenge. Fu-
ture work should explore relation-specific solutions
and hybrid approaches combining BRE’s filtering
strengths with retrieval-augmented generation for
ambiguous sentence-level cases, as well as meth-
ods for resolving residual ties within the relevance
elicitation ranking. Additionally, given the small
sample size underlying our parameter-size analysis
(N = 10), further validation with a larger and more
diverse set of models, alongside additional covari-
ates such as training data quality and instruction
tuning, would help confirm and refine this relation-
ship. Despite these limitations, our work demon-
strates that binary decomposition and systematic
relevance filtering represent a significant advance-
ment toward more reliable and interpretable zero-
shot RC.

Limitations

BRE achieves state-of-the-art RC performance
when dataset schemas provide well-documented

relation definitions and entity type specifications.
Since relation definitions are incorporated directly
into the prompt and valid relations are filtered based
on entity types, incomplete or inconsistent meta-
data may reduce prompt quality and system perfor-
mance, as demonstrated in our ablation studies.

Additionally, our sentence-level evaluation strat-
egy introduces substantial computational costs. For
each entity pair in a sentence, BRE queries each
valid relation type individually, resulting in worst-
case complexity of O(|C| × |E|2 × |R|), where C
represents the set of sentences, E × E is the set of
entity pairs, and R is the set of candidate relations.
While this granular approach enables interpretable
relevance scoring, it may become prohibitive for
large-scale deployment without optimization strate-
gies such as batching or parallel processing.

Ethical Considerations

Our approach leverages LLM reasoning capabili-
ties but inherits biases from their pre-training cor-
pora, which predominantly reflect internet content
from Western, English-speaking populations (Ben-
der et al., 2021). These biases produce systematic
performance disparities across languages, domains,
and demographic groups (Navigli et al., 2023).
Since RC commonly populates knowledge bases
for downstream applications, unmitigated biases
may propagate through entire pipelines.
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A Appendix

A.1 BRE Prompt Template

Input Prompt: Using only the context text
provided, label the provided statements ‘True’
or ‘False’ followed by a numerical rating
representing how relevant the statement is to
the main idea in the context text.

Answer ‘True’ if the statement is explicitly
stated in the context and meets the definition
of the relationship or if the numerical rating
is higher than 5. The rating is an integer
ranging from 0 to 10 where 0 implies no
relevance and 10 implies the statement is highly
relevant to the context text.

Fill in the answer below:
context: c
statement: eh and et are somehow connected
through the relationship of ‘ri’.
relationship definition: di

LLM Output Example: True, 10. The statement is
supported in the provided context because...

Figure 5: Generation prompt template not including
output formatting instructions for brevity

A.2 Parsing Scripts
All models were evaluated using standardized
Python scripts that parse LLM outputs to extract
binary predictions and relevance scores. While
most models adhered to the specified output for-
mat placing answers at the beginning of responses,
Llama-4-Scout exhibited poor formatting behavior,
frequently positioning final answers at the end of its
responses despite explicit instructions. To ensure
fair comparison, our parsing scripts were adapted
to handle this variation by searching the entire re-
sponse for the required information. Figures 6 and
7 contain the script for all LLMs (excluding Llama-
4-Scout) and then the one for Llama-4-Scout, re-
spectively.

For relevance elicitation scoring included in Fig-
ure 8, the relevance elicitation measure is extracted

from the same LLM paragraph that contains the
“true” or “false” classification, which increases the
likelihood of extracting the correct relevance elic-
itation score. When a numeric score could not be
extracted from the model output, we conservatively
retained the relation as a potential candidate with
a default score of 10 (the maximum). This default
assignment strategy may contribute to both false
positives through over-inclusion of uncertain rela-
tions (reducing precision) and missed correct rela-
tions when multiple candidates receive the default
score and random selection chooses incorrectly (re-
ducing recall). Despite these parsing challenges,
the evaluation methodology remained consistent
across all models, ensuring that performance dif-
ferences reflect genuine model capabilities rather
than evaluation artifacts.

A.3 Additional Relation-Specific Results

Figures 9 and 10 reveal a pattern: all evaluated
models exhibit consistently low performance on
approximately the same subset of relations across
both Re-TACRED and TACREV datasets. This
shared weakness pattern persists regardless of over-
all model accuracy differences or architectural vari-
ations, indicating that certain relations pose funda-
mental challenges beyond what model selection or
prompting strategies can address. The consistency
of this pattern across two independently revised ver-
sions of TACRED (which differ in their annotation
corrections and label distributions) further confirms
that these difficulties are robust to dataset-specific
artifacts. Thus, while BRE’s relevance elicitation
improves overall performance and NoTA handling,
it cannot fully compensate for relations that lack
clear distinguishing features or require deeper con-
textual reasoning beyond what current LLMs can
reliably provide in zero-shot settings.

A.4 Additional Ablations

Based on the ablation results in Table 7, the per-
formance differences between the full method
and the score-only variant are minimal across
all three datasets and all evaluated metrics. The
average deltas are consistently near zero, rang-
ing from −1.9 for macro-average recall to −0.0
for weighted-average F1, with micro-F1 accuracy
showing a negligible change of only −0.04. This
consistency holds across the models evaluated,
from smaller models such as Llama-3.2-3B to
larger ones such as Qwen2.5-VL-32B, and across
the three relation extraction datasets (Re-TACRED,
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def parse_binary_output(llm_output):
llm_output = llm_output.replace('\n', ' ')
parts = re.split(r'[^\w\s]', llm_output)
for part in parts: # Assuming output starts response with 'true' or 'false'

if 'true' in part.lower() or 'false' in part.lower():
return 'true' in part.lower() and 'not true' not in part.lower(),

int(parse_relevance_elicitation_score(part))↪→
return False # No 'true' or 'false' in the output

Figure 6: Python script to parse outputs for all LLM models except Llama-4-Scout-17B-16E

def parse_binary_output_scout(llm_output):
parts = llm_output.split('\n\n')

# If the output starts response as requested (with 'true' or 'false')
if 'true' in parts[0].lower() or 'false' in parts[0].lower():

return 'true' in parts[0].lower(), int(parse_relevance_elicitation_score(parts[0]))

# Identify where the final answer is located
phrases = ['correct answer', 'final answer']
for part in parts:

for phrase in phrases:
if phrase.lower() in part.lower():

sp = ' '.join(part.split('\n')[-2:])
return 'true' in sp.lower(), int(parse_relevance_elicitation_score(sp.lower()))

return False

Figure 7: Python script to parse outputs for Llama-4-Scout-17B-16E

def parse_relevance_elicitation_score(llm_output):
parts = re.findall(r'[0-9]+', llm_output)
if parts:

result = parts[0]
else:

result = 10 # No confidence score found or we miss it; keep the result
return result

Figure 8: Python script to parse outputs relevance elicitation scores for all LLM models

TACREV, and TACRED). Since the score-only con-
figuration removes the binary True/False classifica-
tion component while retaining the relevance elici-
tation ranking, the fact that performance remains
largely stable indicates that the binary classifica-
tion step contributes little additional discrimina-
tive value beyond what is already captured by the
relevance elicitation scores. This provides strong
evidence that the relevance elicitation mechanism
itself, rather than the auxiliary binary verification,
is the primary driver of the observed performance
gains.

In contrast, the binary-only ablation shown in Ta-
ble 8, which removes the relevance elicitation rank-
ing and relies solely on True/False verification, ex-
hibits substantial performance degradation across
most metrics, with average deltas of −13.98 in
weighted-average F1 and −15.03 in micro-F1 ac-
curacy. Notably, this configuration shows a marked
increase in macro-average recall (+15.3) alongside

significant decreases in precision (−5.66 macro,
−7.46 weighted), a pattern consistent with the
model effectively guessing among a much larger
pool of candidate relations rather than benefiting
from the reduced candidate space that relevance
elicitation provides. Because the binary-only setup
lacks the relevance elicitation step to first narrow
down plausible candidates, the model is more likely
to indiscriminately affirm many relations as ‘true’,
inflating recall while severely compromising pre-
cision and overall accuracy. This stands in sharp
contrast to the score-only ablation, where perfor-
mance remained stable, and together these results
demonstrate that relevance elicitation, rather than
the binary classification step, is the primary contrib-
utor to the method’s performance, as it is respon-
sible for effectively constraining the candidate set
to a manageable and relevant subset prior to final
classification.
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Dataset Model macro-average weighted-average micro-F1

Prec. Rec. F1 Prec. Rec. F1 Accuracy

Re-TACRED

Llama-3.2-3B 17.55±0.37 41.46±1.33 20.79±0.51 58.4±0.43 45.75±0.86 48.77±0.74 41.94±0.6

Llama-3.1-8B 21.99±0.24 55.4±0.94 28.24±0.29 64.38±0.31 50.92±0.79 50.41±0.95 43.82±0.94

Llama-3.1-70B 61.43±0.5 53.46±1.3 54.18±1.0 80.66±0.22 75.87±0.31 75.66±0.23 79.02±0.33

Llama-3.3-70B 58.44±2.02 62.75±3.27 57.79±1.6 73.23±8.43 72.4±2.85 71.38±4.47 79.47±0.34

Llama-4-Scout-17B-16E 55.94±0.53 72.77±0.31 60.93±0.27 86.62±0.33 83.55±0.29 84.23±0.3 83.38±0.32

Mistral-7B 38.75±1.82 57.77±1.51 41.28±2.82 67.29±4.9 63.45±2.83 63.62±3.31 66.09±1.79

Mixtral-8x7B 47.2±1.55 58.43±1.16 46.92±0.49 75.34±0.38 72.46±0.49 72.45±0.32 71.86±0.53

Mixtral-8x22B 50.24±0.49 60.83±0.84 51.96±0.39 81.98±0.25 77.4±0.26 78.03±0.17 79.3±0.02

Qwen2.5-VL-32B 68.13±1.22 66.11±0.31 63.25±0.36 86.86±0.47 82.72±0.07 83.44±0.08 85.74±0.08

DeepSeek-R1-Distill-Qwen-32B 38.75±0.182 57.77±1.51 48.33±0.55 67.29±4.9 63.45±2.83 74.15±0.25 74.32±0.48

TACREV

Llama-3.2-3B 21.04±0.28 45.11±1.56 24.26±0.46 75.74±0.23 55.01±0.33 61.47±0.17 49.92±0.25

Llama-3.1-8B 21.96±0.52 63.56±0.87 28.82±0.62 79.27±0.32 52.78±1.13 59.06±1.01 48.1±1.01

Llama-3.1-70B 57.0±0.51 58.61±1.91 54.0±0.93 85.62±0.32 87.4±0.16 86.04±0.18 85.66±0.16

Llama-3.3-70B 55.8±0.39 66.66±0.68 57.79±0.21 87.72±0.36 87.92±0.28 87.52±0.3 86.15±0.23

Llama-4-Scout-17B-16E 47.84±0.89 72.33±0.91 53.93±0.7 90.37±0.1 87.83±0.09 88.32±0.08 86.26±0.11

Mistral-7B 39.38±0.38 69.72±1.0 46.77±0.48 84.84±0.17 75.28±0.33 78.38±0.21 73.7±0.26

Mixtral-8x7B 46.72±1.35 68.4±0.62 52.35±1.06 86.26±0.23 80.48±0.6 82.57±0.43 78.64±0.54

Mixtral-8x22B 46.37±0.4 68.2±1.28 52.66±0.64 87.94±0.05 87.29±0.16 87.22±0.09 85.31±0.15

Qwen2.5-VL-32B 60.47±0.42 70.87±0.24 62.22±0.26 91.29±0.05 90.43±0.01 90.47±0.03 89.84±0.02

DeepSeek-R1-Distill-Qwen-32B 42.01±0.51 69.07±0.3 48.63±0.38 85.57±0.2 83.56±0.38 83.97±0.18 80.67±0.44

TACRED

Llama-3.2-3B 22.82±0.31 44.84±0.88 25.59±0.2 75.23±0.29 54.55±0.33 61.27±0.29 50.04±0.33

Llama-3.1-8B 23.54±0.24 58.42±1.05 30.1±0.22 78.12±0.06 52.2±0.9 58.69±0.8 48.27±0.82

Llama-3.1-70B 55.0±0.98 50.24±1.38 50.09±0.54 83.93±0.17 84.71±0.19 83.84±0.14 83.29±0.29

Llama-3.3-70B 53.66±0.29 60.72±1.45 54.68±1.01 86.75±0.32 84.62±0.07 85.42±0.18 83.74±0.1

Llama-4-Scout-17B-16E 48.95±0.39 62.52±1.38 52.65±0.56 88.09±0.07 84.96±0.14 86.07±0.11 84.12±0.15

Mistral-7B 40.28±0.26 59.79±1.19 44.64±0.22 83.29±0.12 73.44±0.24 77.04±0.2 72.45±0.27

Mixtral-8x7B 47.36±0.39 56.86±0.93 48.4±0.53 84.38±0.17 78.72±0.44 80.99±0.32 77.29±0.34

Mixtral-8x22B 47.51±0.31 59.53±0.08 51.01±0.01 85.94±0.33 84.22±0.02 84.86±0.17 82.92±0.01

Qwen2.5-VL-32B 59.25±0.38 57.62±0.33 55.77±0.12 88.42±0.07 86.59±0.04 87.09±0.03 86.58±0.03

DeepSeek-R1-Distill-Qwen-32B 43.01±0.65 59.61±0.87 47.05±0.44 83.75±0.28 81.37±0.3 82.16±0.21 79.12±0.35

Average ∆ −0.46 −1.9 −0.73 −0.32 −0.36 −0.0 −0.04

Table 7: Score-only ablation considers the relevance elicitation ranking and not the binary True/False response

A.5 Model Output Statistics
Our parsing scripts introduced minimal error into
the evaluation pipeline, as reflected by the con-
sistently low rates of invalid output and no-score
across nearly all models and datasets in Table 9.
Invalid output, which captures instances where
the parser could not extract a valid True/False re-
sponse, and no-score, which captures instances
where the system defaulted to the relevance elici-
tation score due to a parsing failure, both remain
below 1.5% for the majority of models, with sev-
eral models such as Llama-3.3-70B and Qwen2.5-
VL-32B showing rates of exactly 0.0%. The one
notable exception is Llama-3.2-3B, which exhibits
elevated rates of approximately 7-8% for both met-
rics across all three datasets, suggesting this smaller
model has more difficulty consistently adhering to
the expected output format; however, even this rep-
resents a relatively small fraction of overall outputs.
This overall low incidence of parsing failures con-
firms that the performance trends observed in our
ablations are attributable to the underlying methods
rather than artifacts of our extraction process. In
contrast, the tie rates are considerably higher, rang-

ing from roughly 8% to over 50% depending on
the model and dataset. This indicates that while rel-
evance elicitation is effective at narrowing the can-
didate relation set, it does not always resolve ambi-
guity down to a single top-scoring answer, leaving
a non-trivial proportion of instances where mul-
tiple candidates receive equivalent scores. Taken
together, these results suggest that relevance elici-
tation substantially improves the tractability of the
classification task, but leaves room for improve-
ment in fully disambiguating among the reduced
candidate set.
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Dataset Model macro-average weighted-average micro-F1

Prec. Rec. F1 Prec. Rec. F1 Accuracy

Re-TACRED

Llama-3.2-3B 15.63±0.29 56.65±1.12 19.66±0.49 54.44±0.75 28.04±1.32 22.15±2.12 19.49±1.09

Llama-3.1-8B 17.06±0.16 78.5±0.77 24.11±0.23 53.0±0.4 49.28±2.15 38.92±2.38 29.11±1.38

Llama-3.1-70B 40.67±0.39 84.25±0.49 51.34±0.41 68.27±0.23 90.32±0.12 76.05±0.15 72.71±0.05

Llama-3.3-70B 50.13±1.54 75.92±4.75 57.4±2.02 61.11±11.57 78.79±3.94 66.8±7.23 72.25±2.81

Llama-4-Scout-17B-16E 53.05±0.54 85.16±0.11 61.76±0.37 80.43±0.35 59.87±1.55 64.25±1.46 60.59±1.31

Mistral-7B 34.91±0.73 75.57±3.11 42.7±0.7 54.68±6.89 80.4±5.29 63.98±6.16 64.51±1.56

Mixtral-8x7B 39.7±0.1 84.71±0.19 48.96±0.11 64.05±0.32 84.18±3.01 71.22±1.17 66.4±1.43

Mixtral-8x22B 39.07±0.36 83.18±0.75 49.48±0.45 69.41±0.18 88.53±0.36 75.61±0.03 72.8±0.22

Qwen2.5-VL-32B 63.89±0.12 72.5±0.51 62.9±0.55 83.98±2.47 49.51±11.46 56.93±11.06 56.18±10.34

DeepSeek-R1-Distill-Qwen-32B 39.47±0.35 78.54±0.95 48.6±0.5 66.3±0.6 52.93±4.12 54.79±3.52 51.3±3.22

TACREV

Llama-3.2-3B 19.31±0.38 57.45±1.17 22.02±0.31 73.62±1.58 17.49±2.09 16.97±3.38 16.18±1.74

Llama-3.1-8B 19.47±0.32 80.96±0.87 25.77±0.46 70.65±0.38 32.22±4.02 33.2±5.15 24.92±2.69

Llama-3.1-70B 40.38±0.31 88.36±0.87 51.38±0.36 76.85±0.11 96.98±0.17 84.98±0.07 79.63±0.05

Llama-3.3-70B 49.36±0.31 86.53±0.06 59.24±0.34 79.21±0.22 94.94±1.27 85.88±0.42 82.52±0.45

Llama-4-Scout-17B-16E 48.88±0.69 87.32±0.59 58.15±0.56 89.07±0.63 53.14±2.78 62.3±2.58 61.07±2.14

Mistral-7B 36.09±0.13 82.59±0.3 46.07±0.13 75.08±0.24 89.53±1.62 80.65±0.63 73.48±0.68

Mixtral-8x7B 41.03±0.23 87.94±0.2 52.17±0.18 77.73±0.76 85.65±3.17 79.98±1.29 71.73±1.35

Mixtral-8x22B 39.28±0.11 88.31±0.31 50.78±0.11 77.25±0.08 95.68±0.27 84.67±0.1 80.41±0.1

Qwen2.5-VL-32B 59.76±0.21 80.59±0.39 63.98±0.28 90.68±1.55 43.26±10.7 53.41±10.85 54.92±9.25

DeepSeek-R1-Distill-Qwen-32B 38.67±0.44 83.98±0.75 48.3±0.46 76.51±0.52 48.83±3.92 55.25±3.44 52.33±2.86

TACRED

Llama-3.2-3B 20.76±0.29 55.66±1.68 23.43±0.36 73.44±0.28 18.93±2.44 19.21±4.2 18.2±2.07

Llama-3.1-8B 20.55±0.07 74.94±1.09 26.96±0.19 71.65±0.45 34.98±2.75 36.99±3.36 27.5±1.77

Llama-3.1-70B 40.81±0.42 76.33±0.82 50.13±0.32 75.71±0.15 94.96±0.28 83.68±0.04 78.57±0.05

Llama-3.3-70B 48.72±0.11 74.31±0.07 56.01±0.14 79.16±0.31 89.72±0.59 83.73±0.44 80.42±0.41

Llama-4-Scout-17B-16E 49.21±0.34 74.8±0.7 55.84±0.37 87.76±0.42 49.09±2.03 59.16±1.96 58.32±1.62

Mistral-7B 37.06±0.09 74.31±0.22 45.14±0.11 74.15±0.27 88.72±2.56 79.93±1.0 72.93±1.06

Mixtral-8x7B 42.25±0.06 78.54±0.39 50.82±0.13 75.84±0.33 86.55±2.69 79.78±1.32 71.96±1.3

Mixtral-8x22B 40.0±0.13 77.67±0.06 49.89±0.2 76.83±0.5 91.26±1.87 82.78±0.54 78.43±0.59

Qwen2.5-VL-32B 57.83±0.09 66.26±0.31 58.05±0.27 86.84±2.05 54.6±9.05 64.84±7.41 64.36±6.68

DeepSeek-R1-Distill-Qwen-32B 39.54±0.33 73.66±0.96 47.58±0.51 76.59±0.73 50.28±3.26 57.27±2.83 54.08±2.35

Average ∆ −5.66 +15.3 −0.95 −7.46 −9.11 −13.98 −15.03

Table 8: Binary-only ablation considers the True/False binary response and not the relevance elicitation ranking

Dataset Model Invalid Output No-Score Tie Rates

Re-TACRED

Llama-3.2-3B 6.875±0.092 6.7704±0.0754 33.537±0.4

Llama-3.1-8B 0.9029±0.0897 0.8203±0.0635 53.6742±1.12

Llama-3.1-70B 1.1672±0.0161 1.1638±0.0175 50.8824±0.2

Llama-3.3-70B 0.0±0.0 0.0±0.0 36.7596±2.83

Llama-4-Scout 0.5486±0.1732 0.1814±0.1323 20.8321±0.49

Mistral-7B 0.1472±0.0116 0.0638±0.0048 48.4066±4.47

Mixtral-8x7B 0.0047±0.0031 0.0151±0.0019 50.3324±2.19

Mixtral-8x22B 0.5088±0.012 0.7329±0.0053 46.5395±0.6

Qwen2.5-VL-32B 0.0±0.0 0.0±0.0 14.1511±4.73

DeepSeek-R1-Distill-Qwen-32B 0.0033±0.0014 0.048±0.0102 24.0543±2.23

TACREV

Llama-3.2-3B 7.8906±0.1481 7.1393±0.0721 25.1931±0.73

Llama-3.1-8B 1.1367±0.1694 0.9979±0.1001 39.2765±1.15

Llama-3.1-70B 1.0822±0.0582 1.0801±0.0567 40.7312±0.3

Llama-3.3-70B 0.0±0.0 0.0±0.0 34.1769±0.67

Llama-4-Scout 1.665±0.6556 1.2021±0.681 12.0653±0.75

Mistral-7B 0.1417±0.0051 0.0748±0.0089 39.1463±1.19

Mixtral-8x7B 0.0044±0.0028 0.0118±0.0048 37.6169±2.12

Mixtral-8x22B 0.5256±0.016 0.7697±0.0339 37.4573±0.3

Qwen2.5-VL-32B 0.0±0.0 0.0±0.0 7.9154±2.08

DeepSeek-R1-Distill-Qwen-32B 0.0047±0.002 0.507±0.0042 17.6066±1.43

TACRED

Llama-3.2-3B 8.0146±0.1861 7.3173±0.07 25.9359±0.82

Llama-3.1-8B 1.118±0.0914 0.977±0.05 40.8356±1.11

Llama-3.1-70B 1.1151±0.0371 1.1104±0.04 40.8124±0.41

Llama-3.3-70B 0.0±0.0 0.0±0.0 30.8047±0.09

Llama-4-Scout 1.4025±0.5118 0.9141±0.52 11.6436±0.72

Mistral-7B 0.1531±0.0085 0.0806±0.0097 39.4906±1.67

Mixtral-8x7B 0.0061±0.0034 0.0128±0.00414 39.3088±0.98

Mixtral-8x22B 0.5162±0.0131 0.7156±0.000725 35.1699±1.5

Qwen2.5-VL-32B 0.0±0.0 0.0±0.0 11.6616±2.64

DeepSeek-R1-Distill-Qwen-32B 0.0052±0.0017 0.0574±0.0089 18.8329±1.39

Table 9: Reported average percentage % ± standard deviation
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Figure 9: F1 scores for the varying relation types in the
Re-TACRED dataset. The relations are sorted based
on their F1 and the models are sorted based on their
macro-F1 scores.

Figure 10: F1 scores for the varying relation types in
the TACREV dataset. The relations are sorted based
on their F1 and the models are sorted based on their
macro-F1 scores.
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