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Abstract

Large Language Models (LLMs) show remarkable poten-
tial for few-shot information extraction (IE), yet their perfor-
mance is highly sensitive to the choice of in-context exam-
ples. Conventional selection strategies often fail to provide
informative guidance, as they overlook a key source of model
fallibility: confusion stemming not just from semantic con-
tent, but also from the generation of well-structured formats
required by IE tasks. To address this, we introduce Active
Prompting for Information Extraction (APIE), a novel ac-
tive prompting framework guided by a principle we term
introspective confusion. Our method empowers an LLM to
assess its own confusion through a dual-component uncer-
tainty metric that uniquely quantifies both Format Uncer-
tainty (difficulty in generating correct syntax) and Content
Uncertainty (inconsistency in extracted semantics). By rank-
ing unlabeled data with this comprehensive score, our frame-
work actively selects the most challenging and informative
samples to serve as few-shot exemplars. Extensive experi-
ments on four benchmarks show that our approach consis-
tently outperforms strong baselines, yielding significant im-
provements in both extraction accuracy and robustness. Our
work highlights the critical importance of a fine-grained,
dual-level view of model uncertainty when it comes to build-
ing effective and reliable structured generation systems.

Code — https://github.com/NUAA-MMMI/APIE

Introduction

Information Extraction (IE) serves as a foundational pillar
for converting unstructured text into structured, machine-
readable knowledge, thereby empowering a multitude of
downstream applications such as knowledge graph con-
struction, semantic search, and intelligent question answer-
ing (Pai et al. 2024; Ma et al. 2023; Chen et al. 2022a). Tra-
ditionally, state-of-the-art IE systems have been dominated
by fully supervised paradigms which necessitate extensive
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Figure 1: Ilustration of Prompt Construction and Entity Ex-
traction for ZSL, RSL, and APIE. Our approach achieves
consistently higher extraction accuracy by selecting high-
quality examples via structured uncertainty scoring, while
ZSL and RSL use fixed or random examples, leading to less
accurate results across all domains.

domain-specific labeled data for training. This reliance on
large-scale annotation renders them costly and difficult to
scale, particularly in specialized domains like medicine, law,
or finance where expert annotation is a significant bottle-
neck and beyond. The emergence of Large Language Mod-
els (LLMs) has catalyzed a paradigm shift toward few-shot
learning, where models perform complex tasks by condi-
tioning on a small number of in-context examples (Brown
et al. 2020). This prompt-based approach dramatically re-
duces the dependency on labeled data and offers unprece-
dented flexibility. However, the efficacy of LLMs in struc-
tured IE tasks is contingent on the quality of the provided ex-
emplars. Prevailing selection strategies such as random sam-
pling or simple semantic similarity often prove sub-optimal
and lead to brittle performance as they fail to furnish the
model with the most informative guidance for the intricate
demands of IE and robustness (Margatina et al. 2023).



This sensitivity stems from a fundamental - yet often
overlooked - dichotomy in the challenges inherent to struc-
tured generation tasks with LLMs. The model’s fallibility
arises not merely from semantic ambiguity in the source
text, but also from the complex task of adhering to rigid out-
put schemas . Existing uncertainty-guided prompting meth-
ods, while effective for classification tasks with discrete la-
bel spaces (Diao et al. 2024), fall short in this context. They
typically overlook a crucial dimension of model confusion:
the struggle to maintain syntactic fidelity (i.e., structural cor-
rectness and parsability of the output) while simultaneously
resolving semantic uncertainty (i.e., the correctness of the
extracted content). This dual challenge of format and content
necessitates a more nuanced approach to example selection.

To bridge this critical gap, we introduce APIE, an
uncertainty-driven, training-free prompting framework de-
signed for universal information extraction. Our approach
is guided by a principle we term introspective confusion,
which empowers the LLM to “reflect” on its own generative
process and identify samples that are most challenging and
thus most valuable for learning. The model’s internal confu-
sion can be measured by analyzing the syntactic and seman-
tic consistency across its own multiple, independently gener-
ated outputs. Specifically, we propose a dual-level introspec-
tive uncertainty metric that quantifies this confusion from
two critical angles: 1) Format-Level Uncertainty which
captures the model’s struggle to produce structurally co-
herent and parsable outputs, measured through a combina-
tion of parsing failures and generation disagreement; and
2) Content-Level Uncertainty which assesses the semantic
consistency of extracted information across multiple infer-
ences using set-based divergence.

By ranking unlabeled data with this comprehensive un-
certainty score, APIE actively selects exemplars that are
both structurally complex and semantically ambiguous. As
illustrated in Figure 1, unlike zero-shot (ZSL) or random-
sample (RSL) prompting which often lead to format errors
or incorrect extractions, APIE constructs highly informa-
tive prompts that guide the LLM toward producing accu-
rate and well-structured outputs. We validate our framework
through extensive experiments on four diverse IE bench-
marks, demonstrating consistent and significant improve-
ments over strong baselines across multiple LLMs. Our
main contributions are summarized as follows:

* A novel active prompting framework, APIE, that
uniquely introduces the principle of introspective confu-
sion to better address the dual challenges of format and
content generation in structured IE.

The formulation of a dual-level introspective uncertainty
estimation mechanism that uniquely combines format-
level instability (parsing failures, generation variance)
and content-level divergence (semantic inconsistency) to
guide the selection of high-utility exemplars.

Extensive empirical validation across four benchmark
datasets and four LLMs, demonstrating that APIE confi-
dently establishes a new state-of-the-art for training-free
universal information extraction, with significant gains in
both overall accuracy and robustness.
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Related Work
Prompt-based Information Extraction with LL.Ms

The advent of large language models has profoundly re-
shaped the landscape of information extraction (IE), shifting
the focus from task-specific fine-tuning to versatile, prompt-
based frameworks (Chen et al. 2022b; Liu et al. 2023). These
methods reframe IE as a language modeling problem, where
a carefully crafted prompt guides an LLM to generate struc-
tured outputs for tasks like named entity recognition (NER),
relation extraction (RE), and event extraction (EE) (Xie et al.
2022; Lu et al. 2022). This paradigm includes both zero-shot
and few-shot prompting.

Despite their promise, the performance of these methods
is highly sensitive to prompt design, especially the selec-
tion of in-context examples (Diao et al. 2024; Han et al.
2023). Common strategies, such as random sampling or k-
NN based on embedding similarity (Wang et al. 2025), often
fail to capture the nuanced structural and semantic complex-
ities of IE tasks, resulting in unstable performance and a high
variance across different example sets (Liu et al. 2022). To
mitigate issues with output structure, some works have ex-
plored schema-guided prompting or post-processing parsers
to enforce format constraints. However, these methods reac-
tively correct or constrain the output, rather than proactively
improving the model’s intrinsic understanding of the task.
They lack an adaptive selection mechanism that identifies
exemplars capable of resolving the model’s own confusion,
a critical gap our work aims to fill.

Uncertainty-Guided Prompt Optimization

Uncertainty estimation is a cornerstone of active learning,
where it is used to identify the most informative samples for
labeling, thereby maximizing model performance with mini-
mal annotation effort (Lewis and Gale 1994; Gal, Islam, and
Ghahramani 2017; Settles 2009). Recently, these principles
have been adapted to the LLM prompting paradigm. For in-
stance, Active-Prompt (Diao et al. 2024) leverages uncer-
tainty metrics like generation disagreement and entropy to
select effective exemplars for complex reasoning tasks. Sim-
ilarly, other studies have explored uncertainty to automate
prompt engineering or select diverse demonstrations (Mar-
gatina et al. 2023; Qian et al. 2024; Zhang et al. 2025).

However, these pioneering efforts target classification or
multi-choice reasoning tasks, where the output space is dis-
crete and predefined. Their uncertainty metrics are ill-suited
for the open-ended and highly structured nature of IE out-
puts (Diao et al. 2024). The challenge in IE is not just choos-
ing the correct label from a list, but instead involves generat-
ing a complex, composite structure with both correct content
and valid syntax. Existing methods do not account for the
model’s uncertainty in generating a well-formed structure, a
frequent point of failure for LLMs in IE.

In contrast, APIE introduces a dual-level uncertainty
framework tailored specifically for structured generation.
While prior works measure disagreement at the final-answer
level, our approach decomposes uncertainty into two orthog-
onal dimensions: syntactic fidelity and semantic uncertainty.
This allows us to distinguish between a model that is con-



fused about the content and one that is confused about the
format. APIE is the first framework to leverage such a holis-
tic view of model confusion to actively and adaptively con-
struct prompts for universal information extraction.

Methodology

Our proposed framework, APIE, introduces a novel active
prompting strategy that selects high-utility exemplars by
quantifying and leveraging the model’s own introspective
confusion. This section begins by formulating the task of
universal information extraction as a prompt optimization
problem under the few-shot learning setting. We then pro-
vide a comprehensive overview of the APIE pipeline, fol-
lowed by a detailed exposition of its core components: a
dual-level uncertainty estimation mechanism and a struc-
tured, uncertainty-guided prompt construction process tai-
lored for maximizing information gain.

Problem Formulation

We formulate information extraction (IE) as the task of
learning a mapping function F : x — y, where z is a piece
of unstructured text from a domain X, and y is its corre-
sponding structured representation (e.g., a set of entities, re-
lations, or events) from a schema ). In a training-free, few-
shot setting with an LLM M, this mapping is conditioned
on a prompt P that contains task instructions and a set of
n exemplars S = {(x;,y;)}7_;. The goal is to find an op-
timal set of exemplars S* from an unlabeled data pool D,,
that maximizes the extraction performance on a test set:

S§* = argmax E(Iiayi)""Dtest [E(M(mi,P(S)),yi)],
SCDy,|S|=n
()

where P(S) denotes the prompt constructed with exem-
plar set S, and € is a task-specific evaluation metric (e.g.,
F1-score). Directly solving this combinatorial optimization
problem is intractable. Thus, APIE proposes a principled
proxy: selecting exemplars that maximize the model’s es-
timated uncertainty as a surrogate objective.

Output Schema and Task Setup

To ensure consistency and enable automatic evaluation, we
define a unified structured output schema strictly enforced
for all IE tasks. The model’s output must be a parsable
JSON list of objects, where each object represents an ex-
tracted piece of information. For entities, objects must con-
tain "type" and "text" keys; for relations, they re-
quire "type", "head", and "tail". Our strict parser,
‘R, validates each generation against this schema; any devi-
ation, such as malformed JSONs or missing required keys,
is flagged as a format failure and contributes directly to the
Format-Level Uncertainty ({/) calculation.

We also establish rigorous task boundaries for evalua-
tion. Models are expected to produce an empty list ([ ]) for
sentences containing no extractable information. For eval-
uation, we employ a strict matching protocol, where both
the text span and type of an extracted element must exactly
match the ground truth; partial matches are considered incor-
rect. This protocol is applied consistently across all methods
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for the final F1-score computation to ensure a fair and direct
comparison without any exception whatsoever.

The Overview of our Framework

The APIE framework operationalizes the principle of In-
trospective Confusion through a systematic three-stage
pipeline, illustrated in Figure 2. First, the framework probes
an unlabeled pool by prompting the LLM to produce diverse
outputs for each sample. These generations are then pro-
cessed by our uncertainty metric, which integrates surface-
level disagreement {{; with format-level {/; and content-
level U, scores into a unified measure of confusion. The pool
is ranked accordingly, and the top high-uncertainty sam-
ples are selected as exemplars and placed into a pattern-
constrained prompt with task instructions. This actively con-
structed prompt is then used to guide the LLM on new in-
stances, yielding accurate and robust extractions.

Generation Disagreement

As a foundational baseline signal, we first measure the
surface-level disagreement across k generated outputs
{Mé(sl) ;?:1 for a given sample s;. We then quantify this
using the average pairwise Levenshtein distance, which cap-
tures variations in the raw text output:

2

) =

Z Levenshtein(M (s;), MY (s;)),

1<j<i<k
2

where a high U, value signals a general state of overall
output inconsistency without distinguishing between format
and content discrepancies. In this sense, {/; can be viewed as
a form of pre-format content uncertainty, capturing semantic
variation prior to structural normalization.

Dual-Level Introspective Uncertainty

This is the core of our estimation strategy. Recognizing that
failures in structured IE arise from distinct sources, we dis-
entangle the model’s confusion into two orthogonal dimen-
sions. This decomposition allows us to move beyond mono-
lithic uncertainty scores and gain a more granular under-
standing of why a model struggles with a particular sample,
enabling a more targeted selection of exemplars.

Format-Level Uncertainty. This metric quantifies the
model’s difficulty in adhering to the required output syntax.
We define it as a combination of two signals:

* Parsing Failure Rate (R,;;): The fraction of £ outputs
that fail to be parsed by a strict structure parser R. A high
failure rate indicates the model is fundamentally strug-
gling to generate syntactically valid structures. The pars-
ing failure rate is calculated as follows:

=

k
Rfail(si) = ZH[R(Mé(Sz)) = FAIL]7 (3)
Jj=1

where I is the indicator function.
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Figure 2: APIE consists of two main stages. (1) Uncertainty Estimation: Given an unlabeled pool, candidate exemplars are eval-
uated using three complementary uncertainty signals—disagreement-level ({{y), format-level ({/;), and content-level ({.)—to
compute a unified uncertainty score U, and select high-utility examples. (2) Active Prompt Construction: The selected examples
are incorporated into a structured prompt with task instructions and format guidance, enabling the language model to produce
accurate, schema-conforming structured outputs (e.g., entity tuples). This framework enhances the informativeness and relia-

bility of few-shot prompting without requiring labeled data.

e Structural Disagreement: For the successfully parsed
outputs, we measure the variance in their structural com-
position (e.g., different sets of keys, varying list lengths).
This captures more subtle inconsistencies in formatting.

The format-level uncertainty {/;, a weighted sum of these
components, is designed to directly measure the model’s
struggle with syntactic fidelity.

Content-Level Uncertainty. This metric assesses the se-
mantic consistency of the information extracted in the suc-
cessfully parsed outputs. Even if an LLM generates perfectly
formatted outputs, it may still be uncertain about the ac-
tual content such as the boundaries of extracted spans or
the correctness of predicted types and relations. For each
sample s;, we obtain a set of &’ valid structured outputs
B; = {b1,ba,...,bg }, where each b; is a set of extracted
(type, text) tuples. We define content-level uncertainty as
one minus the average pairwise Jaccard similarity, which
measures the overlap of extracted information:

2 |bjﬂbl|

D=1- TSI
Ue(s:) k(K — 1) b, U b

“

1<j<I<k’

A low Jaccard similarity (high I{.) signifies that the model
is generating semantically divergent extractions, indicating
high uncertainty about the content. This signal is vital for
identifying samples with inherent semantic ambiguity.

Active Prompt Construction

The final stage of our framework synthesizes the distinct un-
certainty signals to construct a high-efficacy prompt. To en-
sure each signal contributes both fairly and appropriately to
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the final score, we first normalize the disagreement ({4;), for-
mat (Uy), and content ({/.) uncertainties to a common [0, 1]
scale. We then compute a unified uncertainty score, Usotais
for each candidate sample s; by taking a weighted combina-
tion of these normalized facets:

Usoral (5i) = aldq(s;) + BUs(si) +Uc(s:),  (5)

where «a, 5, and y are key hyperparameters that weigh the
contribution of each uncertainty component. This design
provides a high degree of flexibility, allowing for the pri-
oritization of different uncertainty types depending on the
specific task demands .

Samples from the pool D,, are ranked by their U, score
and the top-n are selected. These selected texts, representing
the most informative and challenging cases for the model,
are then provided to a human expert for annotation to create
the ground-truth labels. This active selection process signif-
icantly reduces the annotation burden as experts only need
to label a small, targeted subset of data rather than a large
random one, saving considerable human cost. The resulting
high-quality exemplars are then seamlessly integrated into
our prompt template to facilitate a more effective form of
in-context learning, directly guiding the model toward more
accurate and robust structured predictions.

Experiments
Experimental Setup

Tasks and Datasets. Our evaluation is conducted on four
widely-used benchmarks spanning two core IE tasks: named
entity recognition (NER) and relation extraction (RE). This



Dataset |Ent| |Rel| #Test
ACE04 7 - 812
CoNLLO03 4 - 3453
CoNLLO04 4 5 288
SciERC 6 7 551

Table 1: Detailed dataset statistics. Here, |*| indicates the
exact number of categories, and # is the exact number of
sentences in the specific subset.

diverse set, summarized in Table 1, includes both single-
task (CoNLLO3 (Tjong Kim Sang and De Meulder 2003),
ACEO04 (Mitchell et al. 2005)) and joint NER-RE settings
(CoNLL0O4 (Roth and Yih 2004), SciERC (Luan et al.
2018)), which allows for a thorough assessment of frame-
work generalizability. We adopt an end-to-end setting where
models receive only raw text and must generate the target
structures from it directly without any preprocessing.

Models. To evaluate performance across varying ca-
pabilities and architectures, we select four publicly
available, open-source LLMs: Gemma-3-12B (Team
et al. 2025), Qwen-2.5-14B (Qwen et al. 2025),
DeepSeek—-R1-14B (DeepSeek-Al et al. 2025a), and
DeepSeek-V3-660B (DeepSeek-Al et al. 2025b). This
selection covers models with diverse architectures and
scales, enabling a robust analysis of our method’s scalability.

Baselines. We compare APIE against four representative
prompting strategies:

e Zero-Shot (ZSL): The model performs extraction based
only on the given task instructions, without the guidance
of any in-context examples.

Random-Sample (RSL): A standard few-shot baseline
where exemplars are randomly selected.

KD Sort: A curriculum-inspired strategy that selects ex-
emplars based on knowledge density, defined as enti-
ties/relations per unit text length.

e Active-Prompt: An uncertainty-guided baseline that
uses output disagreement on final answers to select ex-
emplars, but lacks the structured uncertainty analysis.

Evaluation Metrics. Following standard practice, we use
micro-averaged Fl-score as the primary metric for all tasks.
To ensure reproducibility, all reported results are averaged
over multiple independent runs with different random seeds.

Main Results

For RQ1: Does APIE consistently outperform estab-
lished baselines in terms of extraction accuracy and ro-
bustness across different tasks and models? Our ex-
periments demonstrate that APIE consistently outperforms
all baselines in both accuracy and robustness. Regard-
ing accuracy, the main results in Table 2 show that our
framework achieves the highest average Fl-score across
nearly all backbones. The performance gains are particu-
larly pronounced on complex joint-extraction tasks. For in-
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Figure 4: F1-score comparison across different model scales
using APIE on three different datasets.Here, Gemma refers
to Gemma-3, and Qwen refers to Qwen—-2. 5.

stance, with the DeepSeek-R1-14B model on the Sci-
ERC dataset, APIE achieves a 13.58 Fl-score in relation
extraction, marking a 18.3% relative improvement over the
Active-Prompt baseline (11.48). This highlights the superior
ability of our structured uncertainty metrics to identify infor-
mative exemplars for complex schema. Beyond superior ac-
curacy, APIE also delivers greater robustness. As visualized
in Figure 3, the performance of the Random-Sample (RSL)
baseline fluctuates dramatically across runs, underscoring its
unreliability. In contrast, APIE produces consistent results
with minimal variance, confirming that our approach con-
structs stable and generalizable prompts.

For RQ2: How does the effectiveness of APIE scale
with the capacity of the backbone large language mod-
els? We investigate the impact of model scale on perfor-
mance with results shown in Figure 4. Our analysis reveals
that APIE’s advantage is most pronounced on smaller-scale
models such as Gemma—-3-4B and Qwen-2.5-3B, where
performance gaps against strong baselines exceed 10 F1
points on tasks such as ACEO4-NER. This suggests that
our structured uncertainty-guided prompting compensates
effectively for the limited capacity and reasoning ability of
compact LLMs. As model size increases, the overall per-
formance of all prompting strategies improves, and inter-
method performance gaps gradually narrow, indicating that
large-capacity models are inherently more resilient to sub-



Models | |  CoNLLO3 ACEO4-NER | CoNLLO04 SciERC
odels Methods Average
| | NER Fl-scoreT  NERFl-scoreT | NERFl-scoref REFl-scoref NERFl-scoret  REFl-scoret | Fl-scoref
ZSL 58.33 2248 68.47 20.59 24.12 14.53 34.76
RSL 62.96 39.76 68.29 26.92 29.57 14.43 40.32
Gemma-3-12B KD Sort 59.80 40.11 68.58 36.71 27.25 9.84 40.38
Active-Prompt 58.91 4361 65.76 28.38 25.45 19.25 40.23
APIE 60.07 44.42 68.67 28.82 2621 16.85 40.84
7SL 49.15 10.78 57.61 13.69 20.51 18.08 2831
RSL 63.35 30.05 63.35 30.33 27.94 19.23 39.04
Qwen-2.5-14B KD Sort 55.69 29.31 60.33 32.44 27.42 9.55 35.79
Active-Prompt | 64.29 30.03 63.31 29.61 29.11 13.74 3835
APIE 64.97 32.61 65.48 32.57 31.40 14.11 40.19
ZSL 50.57 17.76 63.52 27.30 26.19 11.06 3273
RSL 57.88 31.50 63.97 27.83 26.87 11.30 36.56
Deepseek-R1-14B KD Sort 51.47 31.24 63.48 33.11 29.17 10.75 36.53
Active-Prompt 57.34 41.19 64.93 32.13 30.82 11.48 39.65
APIE 59.28 41.95 66.32 34.62 33.09 13.58 41.47
ZSL 65.76 24.87 68.51 31.74 33.44 20.30 40.77
RSL 69.71 3331 71.29 4232 40.43 2035 46.23
Deepseek-v3-660B KD Sort 69.25 38.62 7257 51.01 37.98 14.20 47.27
Active-Prompt 72.48 4733 7275 47.66 41.89 18.90 50.17
APIE 7273 48.56 72.86 50.20 42.05 2145 51.31

Table 2: Overall performance (F1-score) comparison of APIE against baseline methods across four information extraction
benchmarks and four LLM backbones. We report F1-scores for both Named Entity Recognition (NER) and, where applica-
ble, Relation Extraction (RE). The best-performing method for each metric is bold, and the absolute improvement over the
ZSL baseline is reported alongside the main score. APIE consistently reaches stable and highly competitive results.

optimal exemplar selection. Nonetheless, APIE maintains a
consistent and measurable lead even at the largest scale (e.g.,
Deepseek-R1-14B), affirming the broad utility of our
approach. Importantly, we observe that scaling alone does
not resolve performance instability: as shown in Figure 3,
random prompting continues to yield high variance even on
high-capacity models, whereas APIE achieves remarkably
stable results across all scales, underscoring its robustness
and practicality in real-world deployments.

For RQ3: How are the different uncertainty signals dis-
tributed, and what does their behavior reveal about the
nature of model confusion in IE tasks? We analyze the
empirical distributions of the uncertainty scores from our ex-
periments. We visualize these distributions using violin plots
in Figure 5. The uncertainty signals are complementary and
capture orthogonal aspects of difficulty in model behavior.
The violin plots reveal that the three signals have distinct
distributional characteristics. For instance, we observe cases
where a sample has minimal format uncertainty (s = 0.0)
but maximal content uncertainty (/. = 1.0), indicating the
model can generate the correct syntax but is confused about
the semantic content. Conversely, other samples show high
format uncertainty but low content uncertainty.

Analysis

Ablation Study. To dissect the contribution of each com-
ponent in our framework, we conduct an ablation study us-
ing the DeepSeek-R1-14B model. As shown in Table 3,
removing any single component—disagreement-based un-

34928

Uncertainty Score

-0.1—

Ug Ug Utotal

Figure 5: Uncertainty score distributions for Uy, Uy,
and U, on the ACEO4-NER dataset, evaluated using the
DeepSeek-R1-14B model.

certainty ({4;), format-level uncertainty ({{y), content-level
uncertainty ({.), or the pattern-guided prompt—Ieads to a
noticeable performance drop across both NER and RE tasks.
This indicates that each module contributes non-trivially to
the overall performance of APIE. Notably, the exclusion of
Uy causes the largest decline in F1-score, underscoring its
critical role as a foundational signal of model uncertainty.
The Uy and U, metrics further complement this base sig-
nal, refining the selection toward structurally and semanti-
cally ambiguous samples. Additionally, the removal of pat-



Methods ACEO04-NER  CoNLL04 NER CoNLL04 RE Average
Acc. F1 Acc. F1 Acc. F1 Acc. F1

Full APIE 35.04 4195 5571 6632 3246 34.62 41.07 47.63

w/o Pattern Prompt (p) 25.38 3258 4944  59.77 10.04 10.66 2829 34.34

w/o Format Uncertainty (({y) 31.71 39.39 5355  64.17 29.10 30.88 38.12 44.81
w/o Content Uncertainty () 33.49 41.04 5393  64.41 31.23 3290 3955 46.12
w/o Disagreement ({4;) 26.56 32.19 52.61 62.86  30.13 3198 3643 4234

Table 3: Ablation study on the effectiveness of APIE components across NER and RE tasks. Removing any component leads

to performance degradation, with J{; and pattern prompts being particularly critical.

Input Sentence:
On the 22nd, the sixteen NATO countries asked the armed forces of
the Serbian people of Bosnia-Herzegovina to withdraw...

Ground Truth Entities:

{ {‘type’: ‘Organization’, ‘text’: ‘the sixteen NATO countries’},
{“type’: ‘Location’, ‘text’: ‘Bosnia-Herzegovina’}, { ‘type’: ‘Loca-
tion’, ‘text’: ‘Gerlaridy city’ }, {‘type’: ‘Group’, ‘text’: ‘Serbian’},
{‘type’: ‘Organization’, ‘text’: ‘NATO’}, {‘type’: ‘Organization’,
‘text’: ‘United Nations’} }

Gemma-3-12B: { {‘type’: ‘Organization’, ‘text’: ‘NATO’},
{‘type’: ‘Organization’, ‘text’: ‘United Nations’}, {‘type’: ‘Lo-
cation’, ‘text’: ‘Bosnia-Herzegovina’}, {‘type’: ‘Organization’,
‘text’: ‘the Serbian army’} }

Qwen-2.5-14B: { {‘type’: ‘Organization’, ‘text’: ‘the sixteen
NATO countries’}, {‘type’: ‘Organization’, ‘text’: ‘the armed
forces of the Serbian people of Bosnia-Herzegovina’} }
Deepseek-R1-14B: { {‘type’: ‘Organization’, ‘text’: ‘six-
teen NATO countries’}, {‘type’: ‘Location’, ‘text’: ‘Bosnia-
Herzegovina’}, {‘type’: ‘Organization’, ‘text’: ‘United Nations
humanitarian aid’} }

Uncertainty: U/; = 0.828, Uy = 0.0, U. = 0.556

Explanation: Despite consistent format ({y = 0.0), models di-
verge in semantic interpretation—some view ‘sixteen NATO coun-
tries” as a geopolitical entity, others as an organization. APIE de-
tects this content-level ambiguity (. = 0.556) and prioritizes
such samples for targeted refinement.

Figure 6: Case study illustrating content-level uncertainty
despite consistent format understanding.

tern prompts yields the sharpest degradation in RE accu-
racy, suggesting that structure-aware prompt design plays
an essential role in guiding the model toward consistent and
schema-compliant outputs. These results validate the neces-
sity of each module in constructing informative and stable
prompts for reliable few-shot IE.

Case Study. To characterize the high-utility exemplars se-
lected by APIE, we perform individual cases (Figure 6) and
a qualitative analysis combining both aggregate trends (Fig-
ure 7). The analysis reveals a key distinction in selection
strategies between our method and baselines. As shown in
the radar plot, the Active-Prompt baseline, which relies on
surface-level disagreement, tends to select for samples that
are simply longer, denser, and cause high raw disagreement
(Uyg). In contrast, APIE demonstrates a more targeted selec-
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Gemma-3-12B

DeepSeek-R1-14B

—— APIE —— Active-Prompt

Figure 7: Comparison of exemplar characteristics selected
by APIE and Active-Prompt on the ACEO4-NER dataset.

tion strategy. While not always choosing the longest or dens-
est samples, our framework shows a distinct and significant
advantage in identifying instances with high content uncer-
tainty (U4.) and format uncertainty ({y). This suggests that
our dual-level metric successfully moves beyond simple tex-
tual variance to pinpoint samples that are truly challenging
in their semantic interpretation and structural requirements.
The input sentence is syntactically straightforward, leading
to zero format uncertainty (Uy = 0.0). However, it elicits
significant semantic confusion among different models re-
garding entity boundaries , resulting in high content uncer-
tainty (. = 0.556). By identifying such targeted, seman-
tically ambiguous challenges , APIE enables more effective
teaching for nuanced cases.

Conclusion and Outlook

In this work, we introduce APIE, a novel active prompt-
ing framework guided by introspective confusion to improve
exemplar selection for few-shot information extraction. By
disentangling model confusion into format and content un-
certainty, APIE selects challenging exemplars to build more
informative and robust prompts. Experiments show consis-
tent gains over strong baselines, highlighting the value of
structured uncertainty for improving LLM reliability. Future
directions include more efficient uncertainty estimation, au-
tomatic hyperparameter tuning, and extensions to structured
generation tasks like code generation, potentially combined
with new diversity-based metrics.
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