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Abstract
Large language models (LLMs) demonstrate impressive per-
formance on downstream tasks through in-context learning
(ICL). However, there is a significant gap between their per-
formance in Named Entity Recognition (NER) and in fine-
tuning methods. We believe this discrepancy is due to incon-
sistencies in labeling definitions in NER. In addition, recent
research indicates that LLMs do not learn the specific input-
label mappings from the demonstrations. Therefore, we ar-
gue that using examples to implicitly capture the mapping
between inputs and labels in in-context learning is not suit-
able for NER. Instead, it requires explicitly informing the
model of the range of entities contained in the labels, such as
annotation guidelines. In this paper, we propose GuideNER,
which uses LLMs to summarize concise annotation guide-
lines as contextual information in ICL. We have conducted
experiments on widely used NER datasets, and the experi-
mental results indicate that our method can consistently and
significantly outperform state-of-the-art methods, while using
shorter prompts. Especially on the GENIA dataset, our model
outperforms the previous state-of-the-art model by 12.63 F1
scores.

Code — https://github.com/JinFish/GuideNER

Introduction
Large language models (LLMs) demonstrate impressive per-
formance on downstream tasks through in-context learning
(ICL), which allows them to generalize to unseen cases us-
ing only a few input-label pairs (examples) without requiring
further fine-tuning (Liu et al. 2022; Min et al. 2022). How-
ever, there is a significant gap between their performance in
Named Entity Recognition (NER) and in fine-tuning meth-
ods (Li et al. 2023). We believe this discrepancy is due to in-
consistencies in labeling definitions in NER. For example, in
ACE05 (Walker et al. 2006), pronouns (such as “he”) are an-
notated as Person, whereas in CoNLL03 (Tjong Kim Sang
and De Meulder 2003), they are not.

Intuitively, the input-label pairs provided in ICL allow the
LLM to accurately understand the relationship between the
inputs and the labels, and thus the range of entities corre-
sponding to the labels. However, (Min et al. 2022) has shown
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User

Task Description: Given a sentence, identify the entities in the text and 
classify each entity as one of the following categories: Person, Location, 
Organization, or Miscellaneous.

Examples:
Text: Amazon was founded by Jeff Bezos in Bellevue.
Label: Person: [Amazon, Bellevue] Location [Jeff Bezos]
Text: He stopped by Italy on his way to France.
Label: Organization: [He] Person: [Italy, France]

Text to be recognized: Who's your favorite player, Stephen Curry or 
LeBron James?

Assistant

Label: Person: [Stephen Curry, LeBron James]

:

:

Given The Wrong Input-Label Pairs:

User

Task Description: Given a sentence, identify the entities in the text and 
classify each entity as one of the following categories: Person, Location, 
Organization, or Miscellaneous.

Examples:
Text: Linus makes another great contribution to the latest Linux.
Label: Person: [Linus]
Text: Tim Cook will make Apple great again
Label: Person: [Tim Cook] Organization: [Google]

Text to be recognized: Google's Android remains the dominant 
operating system for mobile devices.

Assistant

Label: Organization: [Google]
Miscellaneous: [Android]

:

:

Given The Correct Input-Label Pairs:

Figure 1: Two examples of LLM for NER within ICL.

that even if labels in the label space (the set of labels for this
task) are randomly assigned to inputs, there is almost no dif-
ference in model performance compared to using the correct
input-label pairs. This indicates that LLMs do not learn the
specific input-label mappings from the examples but rather
grasp the general definition of the task itself.

The above phenomenon is also observed in the cur-
rent advanced LLMs, including GPT-4 and Gemini. As
shown in Figure 1, even with incorrect input label pairs
(e.g., labeling Amazon as Person), the LLM can still cor-
rectly classify Stephen Curry and LeBron James as
Person. Furthermore, even when provided with correct
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input-label pairs and given that the operating system Linux
is not categorized as any entity type in the examples, the
LLM still categorizes the operating system Android as
Miscellaneous. This further illustrates that the LLM
does not explicitly learn the mapping relations between in-
puts and does not capture the range of entities corresponding
to each label.

Therefore, we argue that using examples to implicitly
capture the mapping between inputs and labels in ICL is
not suitable for NER. Instead, it is necessary to explicitly
inform the model of the range of entities represented in
the labels, such as through annotation guidelines. Consid-
ering that datasets do not always provide annotation guide-
lines or that such guidelines can be excessively lengthy, e.g.,
the ACE entity annotation guidelines (Linguistic Data Con-
sortium 2008) exceed 70 pages. In this paper, we propose
GuideNER, which uses LLMs to summarize concise anno-
tation guides as contextual information in ICL.

Specifically, we first use the LLM to infer patterns from
each input-label pair in the training set, and then verify these
patterns for errors or ambiguities. Next, we summarize the
accurate patterns to create concise and comprehensive anno-
tation guidelines. Finally, the LLM uses these summarized
guidelines to make predictions. Essentially, our approach is
similar to other ICL methods in that we utilize the entire
training set. However, unlike other methods that dynami-
cally retrieve examples related to the input from the training
set for contextual information, we condense the entire train-
ing set into static annotation guidelines. We also use exam-
ples to ensure that the model returns a consistent format.

Our main contributions are summarized as follows:
• We introduce a novel approach that leverages LLMs to

summarize dataset annotation guidelines, addressing in-
consistencies in label definitions and enhancing NER
performance within ICL.

• We propose a new ICL paradigm for NER, which does
not require dynamic example retrieval for examples from
the training set. Instead, our approach uses a fixed static
prompt created by condensing the entire training set.

• We have conducted experiments on widely used NER
datasets, and the experimental results indicate that our
method can consistently and significantly outperform
state-of-the-art methods, while using shorter prompts.
Especially on the GENIA dataset, our model outperforms
the previous state-of-the-art model by 12.63 F1 scores.

Related Work
Generative Named Entity Recognition
Named Entity Recognition (NER) is a crucial task in natural
language processing, aiming to identify entities from plain
text and classify them into predefined categories. Tradition-
ally, NER has been framed as a sequence labeling task (Chiu
and Nichols 2016; Devlin et al. 2019). However, with the no-
table advancements in generative large language models in
text understanding and generation, some works (Cui et al.
2021; Paolini et al. 2021; Lu et al. 2022; Wang et al. 2023b)
have redefined NER as a generation task, leveraging genera-
tive models to convert plain text into structured information.

For instance, (Lu et al. 2022) introduces a unified text-to-
structure generation model by training a T5 (Raffel et al.
2020) on a large, heterogeneous dataset sourced from the
web, enabling adaptive generation of the target structure.
(Wang et al. 2023b) employs instruction-based fine-tuning
of a FlanT5 (Chung et al. 2024) for the NER task, facilitat-
ing the transformation from text to structured output.

Additionally, code, as a formal language, is particularly
suited for structural prediction. Some approaches (Li et al.
2023; Sainz et al. 2024) model the NER task as a code gen-
eration task, employing various programming paradigms to
achieve structured prediction, where (Sainz et al. 2024) adds
descriptions of the labels as guidelines to the prompt and
performs instruction tuning, enabling the model to learn and
follow the guidelines.

In-Context Learning
Since the introduction of GPT-3 (Brown et al. 2020), its im-
pressive In-Context Learning (ICL) capabilities have gar-
nered significant attention. GPT-3 can generalize to unseen
cases by providing only a few contextual examples without
requiring further fine-tuning. Current ICL research focuses
on the selection of examples used to provide contextual in-
formation.

In the NER, (Li et al. 2023) uses a method of randomly
selecting a few examples from the training set, which is
a straightforward approach. (Guo et al. 2023) employs the
KNN method to select examples from the training set that
are semantically close to the input examples at the sentence
level. Given that NER is a token-level task, (Wang et al.
2023a) further proposes retrieving similar examples based
on token-level representations.

In relation extraction and event extraction, (Pang et al.
2023) enables the model to extract rules for each instance
and dynamically retrieve them during inference. However,
due to semantic differences between rules and inputs, it is
difficult to ensure that the retrieved rules align with the
model’s input. This challenge is amplified in named entity
recognition tasks, where diverse input patterns further con-
strain the effectiveness of dynamic rule retrieval.

In this paper, we consider that the key to ICL is to provide
contextual information rather than to provide examples, we
propose to use the annotation guidelines as contextual infor-
mation to explicitly provide clearer and effective contextual
information.

Overview
In this section, we first formulate the Named Entity Recog-
nition task and then give an overview of our method:
GuideNER.

Task Formulation
Given a sentence with n tokens X = (x1, x2, . . . , xn), the
task of Named Entity Recognition is to extract a set of (e, t)
pairs form X , where e is the entity name (e.g., Stephen
Curry) and t is the corresponding entity type (e.g., Person).
The entity name is a sequence of tokens from X and the
entity type belongs to a pre-defined entity type set Y .
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Overall Framework
Our overall framework of GuideNER is shown in Figure 2,
which consists of three main steps: (1) Summarize Pat-
terns: This step involves summarizing patterns from the
input-label pairs in the training set; (2) Self-Verify: This
step involves reviewing the inputs and patterns to verify if
they yield the correct labels, filtering out patterns that do not
predict the correct labels; and (3) Aggregate Rules: This
step condenses all the rules into concise annotation guide-
lines and uses these guidelines to enable the LLM to make
predictions.

Method
Step 1: Summarize Patterns
In this step, we focus on summarizing patterns and rules
from each input-label pair in the training set. The training
set is defined as D = {(Xi, Yi)}Mi=1, where M represents
the total number of samples in the training set. Each sample
consists of an input sentence Xi and a corresponding set of
labels Yi, where Yi = {(ej , tj)}Nj=1. Here, N denotes the
number of labels, and each label is a tuple consisting of an
entity name ej and its type tj .

The summarization process is guided by a Summary
Prompt P1, which consists of three text segments:

1. Task description: “Task: Summarize the generic rules
for each named entity category in the named entity recog-
nition task. The order of the summarized rules should
strictly correspond to the order of the annotations.”.

2. Examples: This segment begins with “Examples:” fol-
lowed by examples selected from the training set that in-
cludes three components: “Input Text: {input text in ex-
ample}”, “Annotations: {labels in example}”, and “Out-
put: {handwritten patterns}”. The handwritten patterns
are in JSON format, e.g., {“location”: [“city”, “capi-
tal”]}, where the keys are entity categories and the val-
ues are a list of patterns that match the category. Each
combination of a key and a pattern in the list is treated as
a rule. For example, (“location”, “city”) represents one
rule.

3. Input-Label Pairs: This segment begins with “Summa-
rize for:” followed by the input Xi and labels Yi from D
to “Input text” and “Annotations”, respectively. It ends
with “Output:”, which prompts for the model summariza-
tion rules.

Next, we fill Xi and Yi into the P1 to create a complete
prompt and enter it into LLM to summarize the rules.

Pai = {rj}Nj=1 = LLM(P1(Xi, Yi)) (1)

where LLM represents the Large Language Model and Pai
is the patterns corresponding (Xi, Yi), where each rule rj is
a combination of a key and a pattern from the list, as men-
tioned above.

Step 2: Self-Verify
In this step, we address the potential issues of incorrect or
ambiguous patterns summarized by the model, which could

lead to error propagation. The goal is to verify that the sum-
marized rules accurately predict the corresponding entities
and their types.

Since the model summarized rules in the order of the la-
bels in the first step, each rule corresponds to a label (ej , tj).
This results in a set of pairs {(ej , tj), rj}Nj=1. To validate
these rules, we use a Verify Prompt P2, which is also
consists of three text segments:

1. Task description: “Task: Please identify Entity from the
given text and patterns.”.

2. Examples: This segment begins with “Examples:” fol-
lowed by examples selected from the training set that in-
cludes three components: “Input Text: {input text in ex-
ample}”, “Patterns: {handwritten patterns}”, and “Out-
put: {labels in example}.

3. Input-Pattern Pairs: This segment begins with “Iden-
tify:” followed by the input Xi and patterns Pai to “In-
put text” and “Patterns”, respectively. It ends with “Out-
put:”, which prompts for the model output predicted re-
sults based input and patterns.

The prompt is then input into the LLM to predict entities and
types as follows:

{(êj , t̂j)}Zi=1 = LLM(P2(Xi, Pai)) (2)

where {(êi, t̂i)}Zi=1 are the predicted entities and types cor-
responding to the text and summarized rules, Z is the num-
ber of predicted labels.

We then compare the predicted entities and types
{(êi, t̂i)}Zi=1 against the correct labels {(ej , tj)}Nj=1. If the
predicted (êi, t̂i) matches (ej , tj), the corresponding rule rj
is considered accurate; otherwise, it is deemed incorrect.
This validation process further ensures that only accurate
rules are used further.

Step 3: Aggregate Rules
In this step, we focus on aggregating the validated rules into
concise annotation guidelines that allow the model to accu-
rately predict entities and their types.

For each correctly verified rule rj , we maintain a record
of its frequency of occurrence, denoted as fj . The frequency
fj is incremented by one each time the rule is validated as
correct. This results in a set of pairs {(rj , fj)}Uj=1, where
each rj represents a rule and fj its corresponding frequency,
and U is the number of all rules.

Next, we process this set to ensure that only the most gen-
eral rules are retained:

1. Frequency Filtering: For each entity type, we examine
all rules associated with that type. If different entity types
share identical rules, we retain the rule with the higher
frequency and discard those with lower frequencies.

2. Top k Rules Selection: For each entity type, we select
the top k rules based on their frequency. This selection
forms the Guidelines for that entity type, ensuring that
the most frequent and relevant rules are prioritized, pre-
venting too many low-frequency rules from affecting the
model’s predictions.

24161



Step 1:
Summarize Patterns 

Input Text: The Mohajir National 
Movement operates primarily in Karachi.

Labels: ["Mohajir National Movement", 
"organization"], ["Karachi", "location"] LLM

(“organization”, “movement”)

(“Karachi”,“city”)

Rules

+ Summary 
Prompt 

Step 2:
Self-Verify

Input Text: The Mohajir 
National Movement operates 
primarily in Karachi.

LLM
+ Verify 
Prompt 

Output:  [["Karachi", "location"]]

("location", "city")   True

("organization", "movement")   False

Step 3:
Aggregate Rules

Rule Frequency

("location", "city") +1

Select the 
top K

Guidelines

LLM

Person: [p1, ..., pk]
...
Miscellaneous : [m1,, ..., mk]

Test Input
+ Predict Prompt Result:

[[Entity 1, Category 1], [Entity 2, 
Category 2], ..., [Entity N, Category N]]

Figure 2: Overall framework of GuideNER.

To apply these Guidelines in practice, we use a Predict
Prompt P3, which contains four segments:

• Task description: “Task: Please identify Entity from the
given text and guidelines. The guidelines provide an en-
tity category followed by a list of rules.”.

• Guidelines: The content of the guide obtained above.

• examples: This segment begins with “Examples:” fol-
lowed by examples selected from the training set that in-
cludes three components: “Input Text: {input text in ex-
ample}”, “Instructions for using the guidelines: Given
the Input Text and Guidelines, the Output is:” and
“{labels in example}”.

• Input that require inference: This segment begins with
“Identify Entities for:” followed by the input Xi to “Input
text” and “Instructions for using the guidelines”.

Next, we fill the input text X̂ to be inferred into the P3 to
create a complete prompt and enter it into LLM for entity
recognition:

{(êj , t̂j)}Oj=1 = LLM(P3(X̂)) (3)

where {(êj , t̂j)}Oj=1 are the predicted entities and types de-
rived from the input text X̂ , O is the number of predicted
labels. Note: The cost of extracting annotation guidelines is
a one-time expense, and our method achieves lower infer-
ence costs due to shorter prompt lengths. Consequently, our
approach offers a cost advantage when conducting a large
number of inference tasks.

Experiments
In this section, we conduct various experiments to com-
prehensively evaluate the performance of our method
GuideNER on four widely used NER datasets. Following
many previous works (Lu et al. 2022; Li et al. 2023; Sainz
et al. 2024), we use the F1 score (F1) as evaluation metrics.

Datasets
We conduct experiments on four widely used NER datasets:
(1) CoNLL03 (Tjong Kim Sang and De Meulder 2003) is
a NER dataset for the news domain and contains four types
of named entities: Person, Organization, Location and Mis-
cellaneous; (2) ACE04 (Doddington et al. 2004) and (3)
ACE05 (Walker et al. 2006) are a NER dataset for the news
domain and contain seven types of entities: Person, Organi-
zation, Vehicle, Geopolitical entity, Location, Weapon and
Facility; (4) GENIA is a nested NER dataset in the molecu-
lar biology domain containing five entity types: DNA, RNA,
Protein, Cell type, Cell line.

Experiments Setting
We ran all experiments using the deep learning framework
PyTorch 2.3.1 and vllm 0.5.3 on an Ubuntu 22.04.2 system
equipped with NVIDIA 4090 GPUs.

We adopt Llama3-8B-Instruct and text-davinci-003 as the
LLMs used in the experiments. By default, the same LLM
is used in the three steps of this paper. We set the maximum
output length to 256 tokens. For the models, Llama3-8B-
Instruct and text-davinci-003, we configure the top k values
to k = 10 and k = 20, respectively. In experiments, we use
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Model Backbone CoNLL03 ACE04 ACE05 GENIA Prompt Length
Llama3-8B-Instruct llama3-8B-Instruct 47.67 34.67 36.49 31.79 1,012
text-davinci-002 text-davinci-002 68.84 45.51 48.93 - 786
text-davinci-003 text-davinci-003 72.36 47.78 51.29 46.28 873
CodeIE code-davinci-002 82.32 55.29 54.82 - 1,172
Code4UIE text-davinci-003 83.60 60.10 60.90 - -
GPT-NER text-davinci-003 85.90 62.52 60.02 52.13 4,475
C-ICL codeLlama-34B 87.36 54.47 55.65 - -

GuideNER (ours) llama3-8B-Instruct 66.71 47.67 48.23 44.07 506
GuideNER (ours) text-davinci-003 90.27† 67.21† 68.58† 64.76† 694

Table 1: The experiment performances on four NER datasets. Some methods are not reported for their prompt length, due to not
disclosing their code or full prompts. The reason that the length of GPT-NER is much higher than that of the other methods is
that it models NER as multiple binary categorization tasks, and each category requires a separate prompt. The marker † refers
to significant test p-value < 0.05 when compared with C-ICL, GPT-NER and CodeIE.

the grid search to find the temperature within [0.7, 0.8, 0.9],
the top p within [0.85, 0.90, 0.95].

Baselines
We use the currently widely adopted ICL for NER as a base-
line, which does not involve any fine-tuned model and uti-
lizes the training set (retrieving examples from the training
set), including:

• Llama3-8B-Instruct, text-davinci-002 (Li et al. 2023) and
text-davinci-003 are natural language-based LLMs that
obtain structured results by inputting instructions in tex-
tual form.

• CodeIE (Li et al. 2023) proposes to recast the structured
output in the form of code instead of natural language
and utilize generative LLMs of code to perform NER.

• Code4UIE (Guo et al. 2023) is a retrieval-augmented
code generation framework, which formulates NER task
as a Python instance code completion task.

• GPT-NER (Wang et al. 2023a) bridges the gap between
the sequence labeling task and the text generation task
by instructing the LLM to generate a labeled sequence
by surrounding entities with special tokens. Since it uses
a fine-tuned model, for a fair comparison, we report on
its performance using a general retrieval model.

• C-ICL (Mo et al. 2024) proposes using both correct and
incorrect sample constructions to create in-context learn-
ing demonstrations.

Main Results
Table 1 presents the performance of various models across
four NER datasets. Firstly, we compare the performance be-
tween the LLMs, and we observe that model performance
generally correlates with the model’s inherent capabilities.
For instance, text-davinci-003 consistently outperforms text-
davinci-002, indicating that more advanced models deliver
better results for this task.

Secondly, comparing models that use annotation guide-
lines to their counterparts that use the examples, such

as GuideNER (llama3-8B-Instruct) versus Llama3-8B-
Instruct. Specifically, GuideNER (llama3-8B-Instruct) sur-
passes the corresponding model llama3-8B-Instruct sig-
nificantly and achieves comparable performance to text-
davinci-002 (175B), demonstrating the effectiveness of an-
notation guidelines in improving NER performance. This
improvement highlights the benefit of annotation guide-
lines over simple examples. Additionally, GuideNER (text-
davinci-003) shows greater improvement over GuideNER
(llama3-8B-Instruct) with the help of annotation guidelines,
which we attribute to its superior ability to understand and
apply complex instructions, allowing it to better utilize the
annotation guidelines for NER.

Finally, our method achieves state-of-the-art performance
on all four datasets. Notably, our model outperforms the pre-
vious state-of-the-art model, GPT-NER, by 12.63 F1 points
on the GENIA dataset, which demonstrates that the use of
annotation guidelines can provide more effective contex-
tual information to help the model perform the NER task.
In addition, we find that the prompt length of our method
is significantly less than other methods, which is because
current methods use a large number of examples to en-
hance model performance, e.g., CodeIE uses 25 examples
on CoNLL03. Our method’s efficiency in using annotation
guidelines demonstrates that fewer tokens can achieve high
performance, providing a clear advantage over methods that
rely on extensive examples.

Ablation Study on Self-Verify

As shown in Table 2, the performance of both GuideNER
(text-davinci-003) and GuideNER (llama3-8B-Instruct) de-
creases significantly after removing the self-validation step,
indicating the effectiveness of the rules summarized by
the validation model. Among them, GuideNER (llama3-8B-
Instruct) experiences a more significant drop, as Llama3-8B-
Instruct has weaker instruction comprehension and reason-
ing capabilities compared to text-davinci, making it more
prone to generating incorrect rules that contaminate the final
annotation guide.
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Model Backbone CoNLL03 ACE04 ACE05 GENIA
GuideNER llama3-8B-Instruct 66.71 47.67 48.23 44.07
GuideNER text-davinci-003 90.27 67.21 68.58 64.76
GuideNER w/o Step2 llama3-8B-Instruct 60.12 39.98 41.11 39.92
GuideNER w/o Step2 text-davinci-003 87.55 64.76 64.67 62.80

Table 2: Ablation study on Self-Verify.

Summary Model Inference Model CONLL03 ACE04 ACE05 GENIA
- llama3-8B-Instruct 47.67 34.67 36.49 31.79
- text-davinci-003 72.36 47.78 51.29 46.28

llama3-8B-Instruct llama3-8B-Instruct 66.71 47.67 48.23 44.07
llama3-8B-Instruct text-davinci-003 81.24 56.76 58.91 47.27

text-davinci-003 llama3-8B-Instruct 70.73 49.11 53.08 46.27
text-davinci-003 text-davinci-003 90.27 67.21 68.58 64.76

Table 3: Comparison of performance using different LLMs in different steps, where the method of no summary model indicates
the use of examples. text-davinci-003 still uses the top 20 rules and llama3-8B-Instruct uses the top 10 rules.

Evaluation of Performance with Different Models
Across Steps
In the GuideNER framework, LLM is used in three distinct
steps: the first two steps are dedicated to summarizing rules,
while the third step focuses on inference. Different models
can be used for summarization and inference, respectively.

Table 3 illustrates the performance of GuideNER when
various models are employed during the summarization
(first two steps) and inference (third step) processes. We
find that regardless of whether the summary model and in-
ference model are consistent, the method utilizing summa-
rized rules always outperforms its corresponding example-
based method, demonstrating the effectiveness of using an-
notation guidelines. In addition, we observe that using text-
davinci-003 as the summary model leads to improved per-
formance in the inference phase compared to using llama3-
8B-Instruct. This suggests that a more advanced LLM for
summarization significantly enhances the effectiveness of
the inference model. Therefore, employing a stronger sum-
marization model with a larger number of parameters, paired
with an inference model with relatively fewer parameters, is
a reasonable and effective strategy.

Evaluation of GuideNER with Few Rules
In the second step of the GuideNER, labels are predicted
based on previously summarized patterns. The goal of this
step is to verify the accuracy of the summarized patterns, but
it also essentially utilizes rules as contextual information for
NER.

As shown in Table 4, we present the performance of
GuideNER performance in this second step, referred to as
GuideNER (Step 2). Although GuideNER (Step 2) is tested
on the training set, its input only includes text and pat-
terns, and we believe its performance is still of reference
value. Despite some errors in the patterns during Step 2,
GuideNER (Step 2) shows a notable improvement because

the model only receives patterns related to entity types, al-
lowing it to effectively follow the rules to predict entities.

Therefore, we consider using only a few rules as contex-
tual information rather than the entire annotation guidelines.
We convert the rules into natural language form; for exam-
ple, (“location”, “city”) is translated into “the entity cate-
gory for the city is location”. We then use SimCSE (Gao,
Yao, and Chen 2021) to compute the similarity between the
input text and the rules, retrieving the top 5 rules as con-
text, referred to as GuideNER (Retrieval). However, we find
that the performance of GuideNER (Retrieval) is poor, even
worse than using example-based methods. This is due to the
significant semantic gap between the input text and the rules,
which makes it challenging to retrieve the relevant rules
through similarity calculations.

Overall, we believe that providing only relevant rules can
better help the model to make predictions and can further
reduce the length of the prompts. However, there are still
challenges in realizing this with current semantic-based re-
trieval approaches. We believe this finding will be useful for
future work.

Effect of Top-k Rules on GuideNER Performance
To explore the effect of different numbers of top-k rules
on the model performance, we evaluate GuideNER (text-
davinci-003) and GuideNER (llama3-8B-Instruct) using dif-
ferent k values and observe their performance across three
datasets in Table 5.

For GuideNER (text-davinci-003), performance initially
improves with increasing k, but declines as k continues to
grow. This trend suggests that a higher number of rules does
not always lead to better performance. We attribute this phe-
nomenon to two main factors: (1) As k increases, the con-
text length becomes longer, which may hinder the model’s
ability to follow instructions (annotation guidelines) effec-
tively; (2) With more rules, the inclusion of less common
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Model Backbone CoNLL03 ACE04 ACE05 GENIA
Llama3-8B-Instruct llama3-8B-Instruct 47.67 34.67 36.49 31.79
text-davinci-003 text-davinci-003 72.36 47.78 51.29 46.28
GuideNER llama3-8B-Instruct 66.71 47.67 48.23 44.07
GuideNER text-davinci-003 90.27 67.21 68.58 64.76

GuideNER (Step 2) llama3-8B-Instruct 82.71 59.20 61.20 57.61
GuideNER (Step 2) text-davinci-003 93.44 80.21 82.39 76.42
GuideNER (Retrieval) llama3-8B-Instruct 44.21 32.16 35.78 30.69
GuideNER (Retrieval) text-davinci-003 70.52 44.21 46.70 43.56

Table 4: Performance comparison under different rule configurations.

Model Top-k ACE04 ACE05 GENIA
llama3-8B 0 34.67 36.49 31.79
llama3-8B 5 45.21 47.51 42.13
llama3-8B 10 47.67 48.23 44.07
llama3-8B 20 46.11 47.01 44.32
llama3-8B 30 45.21 46.54 43.28

text-davinci 0 47.78 51.29 46.28
text-davinci 5 58.46 60.72 54.76
text-davinci 10 64.43 64.23 58.42
text-davinci 20 67.21 68.58 64.76
text-davinci 30 66.21 67.77 65.12

Table 5: Effect of top-k rules on GuideNER performance,
where k=0 indicates the use of examples to provide contex-
tual information.

rules might dilute the effectiveness of more frequent rules,
as the model may treat all rules with equal importance.

Similarly, this phenomenon is also observed in
GuideNER (llama3-8B-Instruct), but with the differ-
ence that its performance declines when k exceeds 10. We
attribute this decline to its comparatively weaker ability
to process and adhere to a larger number of annotation
guidelines, as compared to GuideNER (text-davinci-003),
which can handle a greater number of annotation guidelines
more effectively.

Effect of Amount of Training Data on GuideNER
Performance
As shown in Table 6, we demonstrate the impact of us-
ing different amounts of the dataset on the performance of
GuideNER. Our results for both GuideNER (text-davinci-
003) and GuideNER (llama3-8B-Instruct) indicate that
when the training set usage reaches 50% to 70%, the perfor-
mance is comparable to that achieved with the full dataset.
This is because we only select the top-k rules, and when
the inductive process covers more than half of the training
data, the relative order of these top-k rules generally re-
mains stable. This suggests that our method demonstrates
the potential and efficiency, which may be particularly ben-
eficial in more constrained environments. Moreover, it also
suggests that summarizing rules does not require using the

Model Amount ACE04 ACE05 GENIA
llama3-8B 0% 40.67 39.49 35.79
llama3-8B 20% 43.21 43.51 42.13
llama3-8B 30% 45.67 45.23 43.07
llama3-8B 40% 46.11 46.01 43.32
llama3-8B 70% 46.51 47.54 48.23
llama3-8B 100% 47.67 48.23 44.07

text-davinci 0% 53.21 55.29 55.28
text-davinci 20% 58.76 63.72 62.72
text-davinci 30% 62.43 65.23 63.92
text-davinci 40% 64.98 67.21 64.34
text-davinci 70% 67.01 68.23 64.61
text-davinci 100% 67.21 68.58 64.76

Table 6: Effect of amount of training data on GuideNER per-
formance.

entire dataset and can stop once the top-k rules converge.

Conclusion
In this paper, we present GuideNER. Unlike methods that
dynamically retrieve examples from the training set, our ap-
proach condenses training data into annotation guidelines,
explicitly providing contextual information to LLMs to en-
hance predictions. Extensive experiments demonstrate that
our method significantly outperforms previous state-of-the-
art approaches with shorter prompts, highlighting its effec-
tiveness in delivering contextual information compared to
example-based methods. Furthermore, we conducted a de-
tailed analysis of GuideNER, validating the effectiveness
and limitations of dynamic rule retrieval, offering insights
for future research.
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