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Abstract

Deep learning has significantly advanced numerous fields by
training on extensive annotated datasets. However, this data-
driven paradigm faces limitations such as limited adaptability
and high annotation costs, particularly when precise adher-
ence to detailed, domain-specific guidelines is required in an-
notation. This challenge raises a critical question: Can models
effectively shift from data-driven learning to autonomously
leveraging guidelines with minimal annotated examples? To
address this, we propose the Guideline-Driven Prompt (GDP)
optimization framework, which shifts the learning paradigm
from data-driven training to guideline-driven reasoning. GDP
leverages Retrieval Augmented Generation (RAG) to retrieve
essential fragments from complex guidelines and synthesize
them into structured, executable prompts. A tree-based op-
timization algorithm systematically constructs and refines
these prompts, explicitly capturing the intricate logic embed-
ded in professional guidelines through a latent pipeline struc-
ture. Empirical evaluations on four datasets ranging from di-
verse domains and different tasks demonstrate that GDP ef-
fectively transitions the learning process from data-intensive
methods to a guideline-driven approach in tasks requiring
detailed and complex guideline adherence, reducing depen-
dence on extensive annotated datasets.

Project Page — https://guideline-driven-prompt.github.io/

Introduction
Deep learning (DL) has made significant progress over the
past decade by training models on large, task-specific col-
lections of human-labeled data (Kumar et al. 2024). These
models learn by minimizing an objective on massive anno-
tated examples and later use the learned parameters to pre-
dict labels for new inputs. While this workflow achieves high
accuracy, it poses two major drawbacks: (1) each new task,
dialect, or label schema requires an expensive round of an-
notation, and (2) annotation demands considerable human
effort, requiring annotators to follow task-specific guide-
lines strictly to ensure correctness. Recent advancements of
Large Language Models (LLMs) (Achiam et al. 2023; Team
et al. 2023) have demonstrated that they can perform general
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Figure 1: Comparison with different learning styles: Human-
style learning mainly learns from textbooks and consoli-
dates the understanding with practice; Data-driven learn-
ing mainly uses large-scale annotated data to update model
parameters, which serves as the storage of knowledge.
Guideline-driven learning is similar to human-style learning.
It stores guidelines in some knowledge bases, gains funda-
mental understanding of the guideline, and reinforce the un-
derstanding through few-shot practice.

tasks without task-specific training, which offers a promis-
ing solution to mitigate these challenges. However, current
LLMs still desire annotated data for domain-specific tasks
to achieve optimal performance, which is either through
prompt optimization (Wang et al. 2023b; Ashok and Lipton
2023) or model fine-tuning (He et al. 2023; Zhao, Dang, and
Grover 2023). This limitation raises a new question: ”Can
an LLM autonomously learn from guidelines with minimal
annotated examples to perform domain-specific tasks?”

Addressing this question is crucial for enabling au-
tonomous learning in LLMs in real-world scenarios. Rather
than relying entirely on data-driven supervision, models
could learn in a manner similar to humans, acquiring core
knowledge from textbooks (i.e., guidelines) (Karpatne, Jia,
and Kumar 2024) and reinforcing that understanding with
only a small number of practice examples. This paradigm
also enhances the flexibility of LLMs, as updates to the
guideline would no longer require costly reannotation ef-
forts. However, guideline-based learning introduces several
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challenges. First, real-world tasks often involve complex
guidelines that are difficult for an LLM to interpret in their
raw form (Wang et al. 2023a). Second, these guidelines vary
in form and structure, so a general and unified representation
format is required (Zhang et al. 2024). Third, unlike super-
vised learning, guideline-based learning cannot rely on loss
functions or gradient updates to encode domain knowledge
into model parameters (Ashok and Lipton 2023). Therefore,
it is essential to develop an effective representation that al-
lows LLMs to understand and apply guideline information
during inference.

Existing methods only partially mitigate these difficulties.
Approaches that compress entire guidelines into task defi-
nitions as flat prompts often discard critical contextual de-
tails (Ashok and Lipton 2023; Wang et al. 2023a). Strate-
gies that enrich prompts with reasoning-based demonstra-
tions add details, yet their effectiveness depends on the qual-
ity and coverage of examples (Wei et al. 2022). Fine-tuning
LLMs to internalize guideline representations reintroduces
the very annotation cost that guideline-based learning seeks
to avoid (Sainz et al. 2023; Zhao, Dang, and Grover 2023;
Gunasekar et al. 2023). More related works are discussed in
Appendix D. Therefore, a framework that enables LLMs to
learn primarily from guidelines remains unexplored.

In this paper, we introduce a Guideline-Driven Prompt op-
timization (GDP) framework to tackle the challenges out-
lined above. To handle complex real-world guidelines, we
adopt the paradigm of Retrieval Augmented Generation
(RAG) (Lewis et al. 2020) by storing the guidelines as
a knowledge base. Yet, the information retrieved through
RAG is inherently local, making it difficult for LLMs to
capture the full semantics and structure of the guideline as
a whole (Petroni et al. 2020). To overcome this limitation,
we allow the LLM to learn from retrieved fragments and
synthesize them into a prompt, which is then optimized to
produce a faithful and effective representation of the guide-
line. We then replace flat free-form text prompts with a
structured prompt format to enhance the model’s under-
standing further. Our analysis reveals that many guidelines
can be naturally modeled as procedural workflows, which
align well with Chain-of-Thought (CoT) prompting strate-
gies (Wei et al. 2022). Building on this insight, we introduce
a tree-search algorithm (Yao et al. 2023) that iteratively re-
fines the prompt, enabling the LLM to progressively deepen
its understanding of the guideline and ultimately converge
on an optimal structured prompt.

We summarize contributions as follows: (1) We introduce
the first guideline-driven prompt optimization paradigm that
reduces reliance on large annotated datasets by enabling
LLMs to follow domain-specific instructions with mini-
mal supervision. (2) We propose a structured prompt con-
struction method that integrates guideline knowledge us-
ing Retrieval Augmented Generation to capture both local
and global context. (3) We design a tree-search algorithm
that refines structures and contents of prompts as procedu-
ral pipelines, enhancing alignment with Chain-of-Thought
reasoning. (4) We demonstrate the effectiveness of our ap-
proach on four guideline-intensive tasks across various do-
mains, showing improved performance and adaptability.

Preliminary
Problem Formulation
In this section, we formally define the problem across three
paradigms, demonstrating that classical methods depend on
extensive annotations and ignore valuable guidance, while
our framework is tailored to mimic the human learning
pipeline under resource-limited conditions.

Human-style learning (Fig.1 left). A learner first studies
a concise textbook S and then consolidates understanding by
solving a mock examXk = {(xi, yi)}ki=1, where each (x, y)
is a question–answer pair. For a new question xq , the learner
answers by ŷq = ψ

(
U(S), xq

)
, where U(S) is the learner’s

internalised understanding of the textbook and ψ denotes
human reasoning. If the answer is incorrect ( ŷq ̸= yq ), a
self-review mechanism Rev(·) updates that understanding
using the failure case as: U(S) ← Rev(ŷq, yq,S, U(S)).
Because the student relies primarily on the book S , only a
small number of examples in Xk is required, keeping anno-
tation effort minimal (i.e., k is small).

Data-driven learning (Fig.1 middle). Denote X and Y
as the input and target spaces of a domain-specific task
T . Annotators first create a large task-specific training set
XM = {(xi, yi)}Mi=1 ⊂ X × Y , where M ≫ 1. The
model fθ : X → Y is fit by empirical loss minimiza-
tion: θ∗ = argminθ

1
M

∑M
i=1 l

(
fθ(xi), yi

)
, l(·) is any

task-appropriate loss function. Finally, for any new query
xq , the trained model returns the prediction ŷq = fθ∗(xq).

We argue that classical data-driven methods do not fully
mirror the human learning process. In particular, those sys-
tems substitute the human reasoning ψ with a parameter-
ized model fθ trained on a large labeled dataset. Since
stochastic-gradient methods update θ using only the in-
put–label pairs (x, y), they have no mechanism to incor-
porate the explicit guidelines S . Consequently, the model
learns solely from data and entirely discards the review
step Rev(·) that humans use to enhance their understanding.

Guideline-driven learning (Fig.1 right). Let S be the
textual guidelines that specify how to perform T . A frozen
LLM Lθ maps a prompt–query pair to a prediction as fol-
lows: Lθ(prompt P, xq)→ ŷq ∈ Y . We assume very-low
supervision, a support set Xk =

{
(xi, yi)

}k

i=1
⊂ X × Y , is

the only annotated data available and k ≪ M . The parame-
ters θ remain fixed (no fine-tuning). Our goal is to discover
a prompt P ∗ that initializes from the LLM’s fundamen-
tal understanding of the guideline and encodes the guide-
line with maximal predictive power, such that s(P ∗;Xk) =
maxP s(P ;Xk), where s is empirical accuracy of prompt P
on Xk: s(P ;Xk) = 1

k

∑
(x,y)∈Xk

I
[
argmaxŷ Lθ(P, x) =

y
]
. To align with the human learning paradigm, we intro-

duce a guideline-driven framework in which an LLM Lθ

plays the role of the human reasoningψ. While the optimiza-
tion module emulates Rev(·) by retrieving the most relevant
information from S and assembling them into the optimal
prompt P ∗. Details of our proposed method are provided in
the following section.
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Prompt: …You are an expert 
medical annotator. Given a 
biomedical sentence, identify 
disease …
Step-by-step:
1. …If an automatic system 
detects a mention, keep it if 
confident…
2. …If not confident, review 
and adjust the span…
3. …Normalize the term 
using MeSH or OMIM…
4. …

Example: Input: "She was 
diagnosed with …”
                Output: “…”

Task: NCBI Disease 
Corpus annotation task
Guideline
Rule 1. Preferred Name 
First: Choose the concept 
that exactly matches the 
preferred name in MEDIC

Rule 2. Be Specific: Select 
the most specific concept 
available

Rule 3. Fallback to Closest 
Hypernym: If no exact 
match, choose the closest 
broader concept

Rule 4. Composite 
Mentions: For mentions 
covering multiple diseases, 
use “|” to separate concepts

Prompt：
Follow the task 
definition to deal with 
input to get output

Task definition:
Task: …Identify biomedical named entities in text…
Entities: …Disease, Chemical, Gene/Protein…
Guideline: …avoid overlaps; skip generic terms…
Example: Input: “…BRCA1 gene increases risk …” ; 
               Output: “…BRCA1 → Gene/Protein…”

Flattened Task DefinitionTask guideline

Structured Guideline Representation CoT-Reasoning PromptGuideline-Derived Structures
Step 1: Pre-annotation
Use automated tools to detect
✅ High confidence → Step-2
⚠ Low/ambiguous → review
Step 2: Span Annotation
Annotators adjust or confirm spans
🔁 Unclear → consult guidelines
⏪ Invalid mention → return to Step-1
Step 3: Normalization
Map to MeSH/OMIM IDs
🔀 Multiple matches → resolve using 
context
⏪ Unmappable → refine in Step-2
Step 4: Adjudication
A second annotator cross-checks.
✅ Agreement → finalize
❌ Disagreement → loop back to Step-
2 or 3

Figure 2: Guideline Representation. Real-world guidelines may contain complex logic and redundant information. Existing
works that simplify the guideline as a task definition neglect the structural relations and detailed information. On the contrary,
we find that most guidelines can be represented as pipelines derived from three abstract structures. By abstracting guidelines as
pipelines, we effectively model the guideline in a CoT prompting format.

Processing Guidelines as Knowledge Bases
In domain-specific annotation tasks, the guideline S is of-
ten complex and presented as PDF files, websites1, etc.
These guidelines typically consist of multiple steps or sub-
procedures that define how decisions should be made under
various conditions (Sainz et al. 2023). Depending on the do-
main, S may describe a linear workflow or a collection of
loosely ordered subtasks. We summarize that most guide-
lines can be represented in three abstract forms of structures:
sequential, parallel, or hybrid (shown in Figure 2). Details
are discussed in Appendix A.

Feeding the entire guideline directly into the prompt is
impractical for two key reasons (Ashok and Lipton 2023;
Wang et al. 2023a): (i) it may exceed the input context lim-
itations of LLMs, and (ii) it often overwhelms the model
with irrelevant or overly specific information. To address
this challenge, we adopt a retrieval-augmented approach that
enables selective access to relevant parts of the guideline
during prompt construction and optimization. Specifically,
we segment S into smaller components and encode them as
dense vectors via an encoder, which are then stored in a Re-
trievable Augmented System (RAS) R (Lewis et al. 2020).
Given a query either from the input or from a prompt re-
finement operation, R retrieves the most relevant guideline

1See NCBI disease annotation for example: https://www.ncbi.
nlm.nih.gov/CBBresearch/Dogan/DISEASE/Guidelines.html

segments using semantic similarity in the embedding space.
This design allows us to treat the guideline as a structured
knowledge base, from which specific instructions can be re-
trieved dynamically. Formally, given a query q , we retrieve
the most similar chunks {c1, c2, · · · , cl} from S such that:
similarityi = argmax

c∈S
(sim(eq, ec)), where eq and ec denote

the embedding vectors of the query and a candidate segment,
and sim(·, ·) is a similarity metric such as cosine similarity.

While it may seem natural for LLMs to use RAS directly
for inference, the retrieved guideline fragments are often too
local or incomplete to support full task comprehension. In-
stead, we reframe the role of RAS as an active controller and
coordinator within the prompt optimization process. Instead
of feeding retrieved text directly into the model, RAS is used
for two sides. First, it provides the inference LLM a funda-
mental summary of the guideline, similar to human learner’s
initial understanding of the textbook. Second, it is used to it-
eratively supplement and revise the prompt during training
on few-shot examples. This mechanism allows the model to
construct a globally coherent and task-aware prompt that re-
flects the structure and semantics of the full guideline in a
format that is interpretable and effective for LLM inference.

Representing Guidelines as Structured Prompts
A central challenge is how to represent the guideline in a
way that is both faithful to its details and interpretable by
an LLM. One intuitive solution is to condense the entire
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guideline into a single paragraph of task definition within
a prompt (Ashok and Lipton 2023). However, such sum-
marizations often lose critical information, especially the
fine-grained subtasks and the dependencies between them.
To better preserve the guideline’s procedural structure, as
shown in Figure 2, we model the process as a pipeline com-
posed of discrete steps. Each step corresponds to a subtask
drawn from the original guideline, and the pipeline specifies
the order in which these steps should be executed. Notably,
this order does not need to match the layout of the origi-
nal guideline because many real-world guidelines contain
loosely ordered instructions, and enforcing a fixed order may
hinder generalization. Instead, we treat the execution order
as an optimization target adaptable to inputs and driven by
performance (Zhang et al. 2024). Under this formulation, a
flat task definition becomes a special case of the pipeline,
where all logic is compressed into a single step. In contrast,
a multi-step pipeline enables explicit modeling of interme-
diate decisions, modular reasoning, and flexible adaptation
to complex guidelines.

To encode such pipelines in prompts that are interpretable
and executable for LLMs, we adopt a step-by-step format
inspired by Chain-of-Thought prompting (Wei et al. 2022).
The prompt first lists the procedure as a series of steps, fol-
lowed by an example that illustrates how each step is applied
sequentially. This format supports diverse guideline struc-
tures, and avoids the overhead of treating each subtask in
isolation or including the entire guideline verbatim. It also
improves efficiency by guiding the LLM through structured
reasoning rather than overwhelming it with undifferentiated
instructions. Designing an effective pipeline structure, how-
ever, remains a non-trivial task. To this end, we propose a
tree-based search algorithm that systematically explores and
refines pipeline representations to maximize annotation per-
formance. We describe this algorithm in the next section.

GDP Tree-Guided Optimization Framework

We present a tree search algorithm for optimizing guideline-
aware prompts. Inspired by Monte Carlo Tree Search
(MCTS) (James, Konidaris, and Rosman 2017; Zhang et al.
2024), our method explores alternative pipeline structures by
decomposing the guideline into modular steps. Unlike pre-
vious approaches that flatten the guideline into a single task
description (Ashok and Lipton 2023; Wang et al. 2023a),
we represent the prompt as a step-by-step pipeline that mir-
rors the multi-stage reasoning process of human annotators.
The goal of the algorithm is to discover an effective pipeline
structure tailored to the target task and dataset. Since the op-
timal decomposition is not known in advance, the search
process begins from a generic initial prompt that summa-
rizes the task at a coarse level. At each iteration, the algo-
rithm proposes and evaluates candidate extensions, either by
splitting existing steps into finer subtasks or by refining the
content of the current pipeline. The most promising exten-
sion is selected and further explored. We describe the com-
ponents of the algorithm in the following paragraphs. Pseu-
docode is provided in Algorithm 1.

Algorithm 1: GDP: Tree-Guided Prompt Optimization (Sim-
plified. Full Version in Appendix)

Require: Initial prompt P0, training set X , max itera-
tions T , RAS R; hyper-parameters: Top-K and early-
stopping ES

Ensure: Optimized prompt P ∗

1: Initialize tree and candidate list with root node from P0.
2: γ ← 0 ▷ early-stopping counter
3: for t = 1 to T do
4: Select a node from the candidate list by score-based

sampling. ▷ Selection
5: Generate two prompts from the selected node viaR

with pipeline decomposition and content optimization. ▷
Expansion

6: Create two new nodes from each prompt using X .
7: Compute scores and update the candidate list with
K-pruning. ▷ Evaluation

8: if any new node outperforms the previous best then
9: P ∗ ← best new prompt; γ ← 0

10: else
11: γ ← γ + 1
12: end if
13: if γ ≥ ES then
14: break ▷ early stopping
15: end if
16: end for
17: return P ∗

Initialization The tree search algorithm begins with pro-
viding the LLM the fundamental knowledge of the guideline
through an initial prompt P0 summarized by the RASR.

We find that including a feasible example, which is typ-
ically drawn from the guideline itself, effectively improves
the adherence of LLMs to the expected output format, which
can be complex and difficult to describe explicitly in certain
tasks. The root node N0 of the search tree T is initialized
with P0. From this root, the algorithm incrementally derives
more structured pipelines by extending the general task de-
scription into finer-grained stages. Each new node in the tree
contains a revised prompt and is evaluated by performing in-
ference on the training samples. The resulting score is used
to guide subsequent decisions in the search process.

P0 = R(”Summarize S”) (1)

N0 = CreateNode(P0, X) (2)

Each node Ni is initialized as:

Ni = (Pi, si, Fi, ri) (3)

where Pi is the prompt, si is the average inference score of
the training samples. In addition, all failed predictions are
saved as Fi and error information (reasons) is stored as ri.

Selection At each iteration, the algorithm selects one node
from the candidate list C to expand by generating its child
nodes. This selection is guided by the node’s inference score.
To encourage both exploitation of high-scoring nodes and
exploration of underexplored ones, we use a probabilistic
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sampling strategy that mixes two distributions: a softmax
over the scores and a uniform distribution over all candi-
dates. The sampling probability for node i is given by:

pi = λ · 1
n
+ (1− λ) · exp(si)∑n

j=1 exp(sj)
(4)

Here, si is the inference score of node i, n is the number
of current candidates, and λ ∈ [0, 1] controls the balance
between exploration and exploitation.

Unlike traditional tree search algorithms that restrict se-
lection to children of a single parent node (Wang et al.
2023b), we maintain a global top-K candidate list across the
entire tree. This list includes the K highest-scoring nodes
observed so far. Each time a new node is created, its score is
evaluated, and the list is updated accordingly. This strategy
avoids spending resources on low-quality branches while
still preserving sufficient diversity in the search process.

Denote the resulting probability distribution as D =
[p1, p2, · · · , pn]T . A node is sampled from the candi-
date list following the categorical distribution Ncur ∼
Categorical(C|D) for extension.

Extension The extension phase is responsible for gen-
erating new prompt candidates by modifying the current
pipeline. Unlike prior prompt optimization methods that
mainly focus on tweaking expressions or adding details
based on failure cases (Sainz et al. 2023; Ashok and Lipton
2023; Wang et al. 2023b; Zhu et al. 2023), our framework
aims to revise both the structure and content of the prompt
in a principled way. To this end, we introduce two comple-
mentary strategies: one that adjusts the pipeline structure by
decomposing coarse tasks into finer subtasks, and another
that refines the content to better address observed errors.

The first strategy, pipeline decomposition, targets struc-
tural refinement. The RASR is asked to decompose the cur-
rent step into a sequence of smaller subtasks, each with its
own instruction, which are appended to the prompt. This
transformation allows the LLM to process annotation de-
cisions in a more modular and transparent way. The in-
cluded example is modified to reflect the updated step-by-
step structure while input-output formats are preserved.
Pdec = R(Ncur.P,Ncur.F,Ncur.r, Icur; δstructure) (5)

Ndec = CreateNode(Pdec, X) (6)
Here, δstructure indicates the optimization instruction for de-
composing the existing pipeline for finer steps. Icur indi-
cates the historical trajectory of Ncur, which is aggregated
from prompts and error information of its ancestry nodes.

The second strategy, content optimization, focuses on
improving the clarity and correctness of the current prompt
content without altering its structural granularity. The RAS
R analyzes model errors, identifies the major failure, and
adjusts the prompt accordingly to mitigate that issue.

Popt = R(Ncur.P,Ncur.F,Ncur.r, Icur; δsem) (7)
Nopt = CreateNode(Popt, X) (8)

Here, δsem indicates the instruction for optimizing the exist-
ing pipeline for details. Finally, both Ndec and Nopt are used
for updating the candidate list.

C = TopK(C ∪ {Ndec, Nopt},K) (9)

All initialization and extension prompts used in GDP are
in Appendix H. In experiments, we find that in early stages
of the search, pipeline decomposition is often favored to in-
troduce coarse-to-fine structure. In deeper levels, content op-
timization becomes more effective as the pipeline matures.
For each extension, the RAS R integrates inference feed-
back from the current node and its ancestors, allowing new
prompts to benefit from prior errors and corrections.

Backtracking To ensure that prompt optimization is
grounded in actual model behavior, we introduce a back-
tracking mechanism that analyzes failure cases and uses
them to guide future extensions. Each incorrect prediction
is independently sent to the RAS R, which is tasked with
identifying the underlying error. These instance-level expla-
nations are then aggregated into a single summary that cap-
tures the major failure reason at the current node. It serves
as a high-level diagnostic signal for prompt refinement.

Evaluation and Termination The search process termi-
nates when a maximum number of iterations is reached or
when the performance fails to improve over a predefined
number of consecutive iterations. The prompt correspond-
ing to the highest-scoring node in the search tree is selected
as the final output and used for evaluation on the test set.

Experiments
Experimental Setup
Tasks and Datasets We evaluate GDP in two guideline-
intensive information-extraction tasks on four datasets
across diverse domains: Named Entity Recognition (NER)
and Event Extraction (EE). For NER, we consider
three datasets: NCBI-Disease (clinical disease recogni-
tion) (Doğan, Leaman, and Lu 2014), WNUT (emerging
entity recognition in news) (Derczynski et al. 2017), and
HarveyNER (fine-grained location tagging for disaster con-
texts) (Chen et al. 2022). For EE, we use CASIE (Satya-
panich, Ferraro, and Finin 2020) for cybercrime event detec-
tion. Guidelines for these datasets are obtained from public
documentation or accompanying publications.

Following the setup in Section 3.1, we focus on few-shot
scenarios where only limited training data is available mir-
roring the human annotation setting. Specifically, we eval-
uate performance using k = {5, 10, 20} training examples
randomly sampled from the original training sets. Prompts
are optimized on these small subsets and evaluated on the
full test sets. Each experiment is repeated with three random
seeds, and the average results are reported. Moreover, in
few-shot scenarios, In-Context Learning (ICL) (Dong et al.
2022; Min et al. 2022) is another technique known to be
effective. Besides the default 1-shot setting, we also exper-
iment with the 5-shot setting where examples are from the
training subset. Additional dataset details, including guide-
line structure and data splits, are provided in Appendix B.

Baselines We compare GDP against a range of prompt-
based baselines: (a) Standard Prompting (Standard) (Ashok
and Lipton 2023; Wang et al. 2023a): Directly uses sum-
mary prompts based on the guideline; (b) RAS Prompt-
ing (Lewis et al. 2020) (RAS-P): Retrieves relevant guide-
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Baselines ICL GPT-3.5-Turbo GPT-4

NCBI WNUT Harv. CASIE Avg NCBI WNUT Harv. CASIE Avg

Standard Prompting† 1-shot 33.3 41.4 27.2 69.6 42.9 39.2 47.6 39.1 76.2 50.5
5-shot 45.0 39.6 26.1 74.8 46.4 56.8 50.1 35.6 80.6 55.8

RAS Prompting† 1-shot 35.5 40.4 25.6 70.0 42.9 39.9 48.4 41.0 78.3 51.9
5-shot 46.5 36.6 17.8 73.1 43.5 60.3 44.9 41.8 81.3 57.1

CoT Prompting† 1-shot 33.8 45.6 33.0 71.2 45.9 31.3 52.6 40.0 77.7 50.4
5-shot 51.7 43.7 38.1 75.5 52.3 58.5 49.0 43.7 82.5 58.4

AnnoLLM† (NAACL’24)
1-shot 37.4 44.6 16.5 68.3 41.7 45.5 50.2 36.5 74.1 51.6
5-shot 40.9 43.5 23.9 74.7 45.8 52.1 51.4 40.8 77.7 55.5

PromptAgent (ICLR’24) 1-shot 25.4 45.7 34.1 70.6 44.0 39.3 54.3 35.0 78.2 51.7
5-shot 42.3 44.2 28.8 72.5 47.0 57.0 49.6 38.7 79.9 56.3

GPO (AAAI’25) 1-shot 26.2 43.0 9.6 68.7 36.9 36.0 48.5 18.7 77.4 45.2
5-shot 38.7 37.8 15.9 74.8 41.8 55.6 49.5 26.9 80.2 53.1

1-shot 40.1 48.4 38.3 75.0 50.5 48.5 55.5 46.8 81.6 58.1GDP (ours) 5-shot 53.5 47.1 44.7 78.8 56.0 62.1 56.5 49.5 83.4 62.9

Table 1: F1 scores (%) on NER and EE datasets under 5-shot training. Rows correspond to different ICL settings. 1-shot uses the
example from the initial prompt and 5-shot includes all training examples. † indicates baselines without few-shot optimization.

GPT-3.5-Turbo GPT-4

Baselines NCBI WNUT Harv. CASIE Avg NCBI WNUT Harv. CASIE Avg

10 20 10 20 10 20 10 20 10 20 10 20 10 20 10 20 10 20 10 20

PromptAgent 45.7 43.6 46.7 45.9 37.0 34.9 72.4 73.5 50.4 49.5 54.4 55.4 50.3 50.7 45.0 32.5 78.1 78.9 56.9 54.4
GPO 34.1 38.5 41.7 42.6 12.5 18.6 69.2 69.4 39.4 42.3 38.8 40.8 47.3 49.7 24.4 26.9 77.6 76.8 47.0 48.6
GDP (ours) 54.6 57.3 49.4 49.8 43.3 45.7 76.1 76.9 55.9 57.4 62.6 70.8 56.7 58.4 48.8 49.3 82.1 83.5 62.5 65.5

Table 2: F1 scores (%) on NER and EE under 10-shot and 20-shot training. Harv.=HarveyNER for abbreviation.

line segments for each input via RAS and uses them for
annotation; (c) Chain-of-Thought Prompting (CoT-P) (Wei
et al. 2022): Formats the prompt in a CoT style using guide-
line steps; (d) AnnoLLM (He et al. 2023): Enhances stan-
dard prompting with example-based rationales via CoT; (e)
PromptAgent (Wang et al. 2023b) and (f) GPO (Tang et al.
2025): Recent state-of-the-art prompt optimization methods
that do not incorporate guideline structure. Initialization and
full prompt templates for all baselines are in Appendix G.

Setting To build the RAS R, we use OpenAI’s text-
embedding-3-large (Brown et al. 2020) as the retriever
encoder, and GPT-4o (Achiam et al. 2023) as the query
model for interpreting retrieved guideline content. Since
most guideline documents are in PDF format, we preprocess
and segment them before embedding (details in Appendix
C). For inference LLMs, we use GPT-4 as a current state-of-
the-art and GPT-3.5-turbo as an average LLM in main ex-
periments. We test open-source LLMs in Appendix E. The
tree search runs for 6 iterations, with the top 5 nodes retained
as candidates in each round. To avoid human bias, the first
prompt P0 is initialized byR summarizing the guideline.

Experimental Results
Experimental results are shown in Table 1 for 5-shot train-
ing and ICL and Table 2 for 10-shot and 20-shot training.

Overall, GDP consistently outperforms all baseline meth-
ods across most datasets. Examples of optimized prompts
are provided in Appendix I. We observe that prompts pro-
duced by GDP are more structured and systematic than those
generated by baseline methods. We further analyze GDP’s
performance through the following comparisons:

GDP adapts better to complex annotation guidelines
Performance gains vary across datasets when comparing
GDP to the initial summary prompt. This variation corre-
lates with task complexity and guideline richness. For sim-
pler tasks where the guideline contains only basic instruc-
tions, summarization followed by RAS retrieval often cap-
tures most key requirements. However, for more complex
tasks, GDP yields substantial improvements by decompos-
ing the guideline into an executable structure.

Structuring retrieved guidelines enhances reasoning
While RAS-based prompting has access to complete guide-
line instructions, it often includes redundant or overly de-
tailed content. Moreover, LLMs struggle to interpret raw
retrieved text without further structuring. In contrast, GDP
transforms the retrieved content into a coherent, LLM-
friendly workflow that facilitates accurate reasoning.

Dynamic pipeline optimization outperforms static de-
compositions Although CoT-P attempts to encode step-

35073



1

2 3

4 5

6 7

8 9

You are an AI agent…
Your output must be a 
dictionary…
To ensure accuracy…
1. Identify all disease 
mentions in the text. 
2. For each mention, 
determine the most 
appropriate MeSH or 
OMIM identifier. 
3. If multiple identifiers 
are possible, select the 
closest hypernym 
concept that logically 
describes the disease 
mention. 
Instructions: …

You are an AI agent for Named 
Entity Recognition (NER)…
Your output must be a dictionary 
where keys are entity types and 
values…
Instructions: …

You are an AI agent…
Your task is to identify and classify 
disease mentions in biomedical text…
Your output must be a dictionary…
To ensure accuracy…
1. …
2. …most appropriate MeSH or OMIM 
identifier.
3. …closest hypernym concept that 
logically describes the disease mention. 
Always prioritize the broader, more 
general concept over the more specific 
one.
Instructions: …

Decomposition: Break prompt 
into finer-grained, structured steps.
Optimization: Fix errors in 
prompt wording.

In-path round
Out-of-path round

NCBI Disease Annotation Guideline
Rule 1. …
Rule 2. …
Rule 3. Annotate the most specific concept that correctly 
describes the disease mention. Certain disease concepts in MeSH 
are disease classes, which are described with a MeSH entry term 
and several synonymous terms corresponding to the specific 
disease names within that class. …
Rule 4. Annotate the closest hypernym concept that logically 
describes the disease mention. Certain disease mentions in text 
are hard to map to a disease concept in the dictionary. …
Rule 5. …
Rule 6. …
Rule 7. Annotate a disease mention even if that mention is used 
interchangeably as a gene name. NIH-PA Author Manuscript 
NIH-PA Author Manuscript NIH-PA Author Manuscript …
Rule 8. When necessary, use specific concepts in OMIM not 
included in MEDIC. It is possible that a disease mention may not 
be covered in MEDIC. This was experienced by our annotators a 
handful of times. …

Figure 3: Optimization tree on NCBI-Disease. Dark red indicates updated content. Arrows indicate contents from the guideline.

NCBI WNUT Harv. CASIE
GDP w/o CO 44.6 55.2 43.7 80.3
GDP w/o PD 42.3 54.8 41.9 80.9
GDP (Ours) 48.5 55.5 46.8 81.6

Table 3: Ablations on Extension Strategies. PD means
Pipeline Decomposition, CO means Content Optimizations.

by-step logic, they do not optimize the pipeline structure
itself. In practice, real-world guidelines rarely prescribe a
strict execution order, making static designs suboptimal.
GDP dynamically adjusts the structure through search, lead-
ing to superior performance.

Guideline-driven optimization improves few-shot gener-
alization Existing prompt optimization methods focus on
adapting prompts to training examples, but largely ignore
guideline structure. As a result, they tend to overfit or bias
toward incomplete representations of the task, especially
under limited supervision. In contrast, GDP is guided by
the full guideline, enabling more robust and generalizable
prompt composition.

Analysis on the GDP Algorithm
Child Node Extension To validate the effectiveness of our
two extension strategies: pipeline decomposition and con-
tent optimization, we conduct an ablation study where each
strategy is applied independently. Results are reported in Ta-
ble 3. Interestingly, we find that content-only optimization
still achieves strong performance, suggesting that guideline-
driven learning, supported by the RAS R, provides a robust
foundation for prompt refinement.

We further illustrate the pipeline optimization process in
Figure 3. The figure shows that decomposition is particu-
larly beneficial in early stages of the search, where breaking
down the guideline helps incorporate more task-specific de-
tail. In contrast, content optimization proves more effective
in later stages, where it fine-tunes the prompt by addressing

NCBI WNUT Harv. CASIE
PromptAgent w/oR 39.3 54.5 35.0 78.2
PromptAgent w/R 41.2 56.4 41.8 80.1
GPO w/oR 36.0 48.5 18.7 77.4
GPO w/R 38.5 51.7 27.3 78.2

Table 4: Ablations on RASR, whereR is used for replacing
LLM optimizers in baselines.

specific errors using targeted guideline retrieval. This result
highlights the complementary nature of the two strategies:
decomposition helps expand task structure, while content
optimization helps correct fine-grained errors. Additionally,
we found GDP can learn prompts with domain specific con-
cepts (red and blue arrows) from the raw guideline while
internalize the LLM’s understanding of the task (sentence in
red) as shown in the 7th prompt.

Effectiveness of R To evaluate the performance of incor-
porating the RAS R for prompt optimization, we replace
pure LLM optimizers withR in training. Results are demon-
strated in Table 4. We observe promising improvement after
guideline is involved in optimization, which again demon-
strate the advantages of guide-drived learning.

Conclusion
We present GDP, a guideline-driven prompt optimization
framework that mirrors human-style learning. GDP shifts
away from large-scale annotation by synthesizing struc-
tured prompts from domain-specific guidelines, using re-
trieval, decomposition, and iterative refinement. GDP en-
ables LLMs to reason procedurally with interpretable and
task-aligned instructions. Unlike implicit data-driven mod-
els or flat prompts, GDP yields adaptive, executable repre-
sentations grounded in expert logic. Experiments across di-
verse information extraction tasks show that GDP general-
izes well under minimal supervision.
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