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Abstract

User comment feedback prediction is an im-
portant problem in online platforms, which
have impact on the automatic moderation, qual-
ity evaluation, and user experience enhance-
ment etc. Despite strong general reasoning
capabilities of large language models (LLMs)
such as GPT-5, Claude, Gemini and Qwen3-
7B, their performance on domain restriction
tasks can vary significantly and is commonly
very sensitive to context provided and exter-
nal knowledge. This paper presents an innova-
tive Retrieval-Augmented Prompting (RAP)
framework for comment feedback prediction.
Our approach incrementally improves the qual-
ity of LLM prompts by retrieving k of the se-
mantically most similar historical comment-
feedback pairs from an external dataset as in-
context few-shot examples. We experiment on
the specialized dataset of 50000 comment rat-
ings, obtained from various online scenarios.
Experimental results show that our GPT-5 +
RAP model outperforms state-of-the-art LLMs
such as Qwen3-7B, Claude, Gemini and GPT-
5 baseline on accuracy, Macro-F1 and expla-
nation consistency and a strong prompt engi-
neered baseline, GPT-5 + PE.

1 Introduction

User comment feedback prediction is a pivotal task
in modern online platforms, facilitating automated
moderation, quality assessment, and enhancement
of user experience. Its significance spans various
domains, including online communities, social me-
dia, and academic peer review systems, where au-
tomatically classifying comments (e.g., as support-
ive, critical, or constructive) is crucial for maintain-
ing community health, optimizing recommendation
systems, and fostering user engagement [1].
Despite the remarkable general reasoning ca-
pabilities demonstrated by large language mod-
els (LLMs) such as GPT-5, Claude, Gemini, and
Qwen3-7B [2, 3, 4], their performance on domain-
specific tasks often heavily relies on the quality

and richness of provided context information and
external knowledge. Beyond text-based tasks, the
capabilities of LLMs are rapidly extending to mul-
timodal domains, enabling advancements in areas
such as visual in-context learning [5], enhancing
code LLMs through reinforcement learning [6],
and the fine-grained evaluation of multimodal sum-
marization and defeasible visual and video entail-
ment [7, 8, 9]. Traditional natural language process-
ing (NLP) approaches typically demand extensive
labeled data and complex model training pipelines
[10]. In contrast, LLMs can adapt to new tasks
through in-context learning, yet their efficacy is
constrained by the design of prompts and the in-
herent limitations of their internal knowledge [11].
Furthermore, the integration of retrieval mecha-
nisms has proven effective in enhancing the coher-
ence and factual grounding of Al-generated nar-
ratives [12]. Prior research has shown that metic-
ulously engineered prompts can effectively guide
LLMs to achieve more accurate and reliable com-
ment feedback prediction without fine-tuning [13].
However, when comment content involves specific
domain expertise or necessitates more nuanced rea-
soning, relying solely on prompt instructions may
prove insufficient. We contend that by dynami-
cally providing highly relevant historical comment-
feedback examples as additional context, LLMs’
performance can be substantially improved.

In this research, we propose a novel Retrieval-
Augmented Prompting (RAP) framework for
comment feedback prediction. Our framework
aims to enhance LLM capabilities by dynamically
supplying them with the most relevant historical
comment-feedback examples for each new com-
ment to be predicted. The core idea is to integrate a
retrieval module with prompt engineering. Specifi-
cally, for each incoming comment, we first encode
it into a vector representation (e.g., using Sentence-
BERT or OpenAl’s embedding models) [14, 15].
This vector is then used to retrieve k semantically



most similar historical comment-feedback pairs
from a pre-constructed knowledge base (typically
the training set). These retrieved examples are then
incorporated into the LLM’s prompt in a few-shot
learning format, serving as rich, dynamic contex-
tual information that guides the model towards spe-
cific task patterns and reasoning paths. The LLM
subsequently processes this enhanced prompt to
predict the feedback type and generate an expla-
nation. This approach effectively addresses the
limitations of insufficient contextual information
often encountered in traditional prompt engineer-
ing, particularly when dealing with complex sce-
narios requiring specific case references, thereby
significantly boosting the LLM’s task comprehen-
sion and execution ability.

For experimental validation, we utilize a special-
ized dataset comprising 50,000 comment-feedback
pairs, collected from online forums, social plat-
forms, and academic peer review scenarios [16].
Each comment in this dataset is manually anno-
tated with one of three feedback labels: Positive,
Constructive, or Negative/Reject. We conduct a
comprehensive comparative analysis of our pro-
posed GPT-5 + RAP method against leading LLMs
including Qwen3-7B, Claude, Gemini, and a base-
line GPT-5, as well as an existing prompt engineer-
ing approach (GPT-5 + PE). Our evaluation em-
ploys standard metrics such as Accuracy, Macro-
F1 score, and Explanation Consistency. The re-
sults demonstrate that our GPT-5 + RAP method
achieves superior performance across all evaluation
metrics, highlighting the effectiveness of dynami-
cally retrieving relevant contextual information in
enhancing model adaptability and predictive accu-
racy. For instance, our method achieves an accu-
racy of 89.5%, outperforming GPT-5 + PE (88.7%)
and the vanilla GPT-5 baseline (82.4%). Similar
improvements are observed in Macro-F1 (88.3%
vs. 87.5% vs. 81.7%) and Explanation Consis-
tency (86.5% vs. 85.9% vs. 80.3%), underscoring
the significant benefits of our retrieval-augmented
approach.

Our main contributions are summarized as fol-
lows:

* We propose a novel Retrieval-Augmented
Prompting (RAP) framework specifically
designed for the comment feedback prediction
task, aiming to provide richer context through
dynamic retrieval.

e We validate our framework on an existing

high-quality comment-feedback dataset, es-
tablishing a new benchmark for future re-
search in this domain.

* We conduct a comprehensive comparison of
our proposed GPT-5 + RAP method against
leading LLMs, including GPT-5 (baseline),
Qwen3-7B, Claude, and Gemini, as well as
existing prompt engineering methods.

2 Related Work

2.1 Large Language Models and Prompt
Engineering

The rapidly evolving field of Large Language Mod-
els (LLMs) and prompt engineering has seen sig-
nificant advancements, with various studies explor-
ing its applications, theoretical underpinnings, and
practical implications [17, 18, 19]. A comprehen-
sive survey by [20] systematically categorizes and
analyzes 39 distinct prompting strategies, highlight-
ing their efficacy in enabling knowledge extraction
from LLMs across diverse Natural Language Pro-
cessing tasks without requiring extensive model
retraining. This includes specialized applications
like enhancing code LL.Ms through reinforcement
learning [6]. Building on this, [21] introduce In-
foVisDial, a novel visual dialogue dataset specif-
ically designed to necessitate in-context learning
from LLMs for leveraging multimodal information
and external knowledge, thereby demonstrating the
crucial role of prompt engineering in generating
informative dialogues. The broader field of multi-
modal LLMs also benefits from in-context learning
and prompt strategies, as seen in visual in-context
learning for L-VLMs [5] and in the development of
benchmarks and evaluators for fine-grained factu-
ality evaluation in multimodal summarization [7],
and defeasible visual and video entailment [8, 9].
The automation of prompt design is further ad-
dressed by [22], who propose a sequential opti-
mal learning framework employing a feature-based
prompt representation and a Knowledge-Gradient
policy for efficient prompt discovery in few-shot
learning scenarios. Beyond optimization, prompt
engineering also plays a critical role in enhanc-
ing LLM robustness; for instance, [23] present a
novel defense mechanism against prompt injection
attacks by leveraging LLMs’ inherent instruction-
following capabilities to generate responses with
explicit references to executed instructions. The
practical impact of prompt engineering extends to



educational settings, where even basic prompt en-
gineering significantly improves the quality and
student preference for Al-generated feedback in
STEM education [24]. Theoretically, [25] provide
a principled framework for understanding prompt
engineering within Transformer architectures, elu-
cidating how prompts act as selectors within the
model’s hidden states during Chain-of-Thought rea-
soning and demonstrating that optimal prompt de-
sign, informed by theoretical principles, can sig-
nificantly outperform generic self-guided prompts.
This theoretical perspective complements a broader
survey by [26], which systematically analyzes var-
ious automated prompt engineering techniques,
framing prompt optimization as a maximization
problem to steer the behavior of pre-trained foun-
dation models across different modalities. Finally,
prompt-based strategies also contribute to domain
adaptation, as shown by [27]’s Schema Augmenta-
tion technique, which improves zero-shot domain
adaptation in dialogue state tracking by enhanc-
ing the fine-tuning of LLMs through introducing
variations in slot names within the schema.

2.2 Retrieval-Augmented Generation and
Knowledge-Enhanced LLMs

Retrieval-Augmented Generation (RAG) and
knowledge-enhanced Large Language Models
(LLMs) represent a critical area of research aimed
at improving LLM accuracy, reducing hallucina-
tions, and expanding their knowledge base through
external information. Challenging the notion that
long-context LLLMs have rendered RAG obso-
lete, [28] introduce an order-preserve RAG (OP-
RAG) mechanism, demonstrating its superior per-
formance and efficiency in long-context question-
answering tasks compared to unaugmented long-
context LLMs, particularly in mitigating the dimin-
ishing focus issue. Similarly, retrieval enhancement
has been successfully applied to improve story co-
herence in Al narratives [12]. Further enhancing
knowledge integration, [29] propose the innova-
tive internal and external knowledge interactive
refinement framework (IEKR), which leverages
LLMs’ encoded internal knowledge to refine ex-
ternal knowledge retrieval through a prompt-based
strategy, thereby improving generation and miti-
gating hallucinations. The integration of seman-
tic search, specifically utilizing Elasticsearch and
Transformer models, is explored by [30] as a means
to improve the accuracy and relevance of informa-

tion retrieval for LLM applications by understand-
ing query intent beyond mere keywords. However,
challenges in RAG persist, as highlighted by [31],
who demonstrate limitations of relying on generic
vector embeddings for specialized domains and
introduce Prompt-RAG, a novel embedding-free
approach that achieves superior performance in
niche domain QA tasks. To bridge the semantic
gap between retrievers and LLMs, [32] present
R2AG, a novel framework that explicitly incorpo-
rates retrieval information via a R2-Former and
a retrieval-aware prompting strategy, particularly
beneficial in low-resource settings where models
are frozen. Beyond direct knowledge retrieval, re-
search also investigates the broader implications of
LLM knowledge; for example, [33] examine how
retrieval augmentation enhances LLM performance
on cultural knowledge benchmarks, distinguishing
between factual recall and nuanced cultural fluency.
While the primary focus is on knowledge enhance-
ment, related work also touches upon the broader
landscape of Al-generated content and LLM ex-
plainability. For instance, [34] introduce a hybrid
approach for Al-generated text detection, integrat-
ing traditional TF-IDF features with multiple ma-
chine learning models to distinguish human from
machine-generated content. Additionally, [35] pro-
pose "Usable XAI" to address the unique chal-
lenges of explaining and enhancing LLMs, out-
lining strategies for how Explainable AI (XAI) can
improve LL.M-based systems and how LLMs, in
turn, can advance XAl methodologies.

3 Method

Our proposed approach, Retrieval-Augmented
Prompting (RAP), is designed to significantly en-
hance the performance of Large Language Models
(LLMs) in comment feedback prediction by dy-
namically incorporating relevant historical exam-
ples into the input prompt. This method addresses
the inherent limitations of static prompt engineer-
ing, such as its inability to adapt to diverse input
nuances and its reliance on the LLM’s generalized
knowledge, by providing rich, task-specific contex-
tual information tailored to each individual com-
ment. The core idea is to bridge the gap between an
LLM’s general knowledge and the specific nuances
of domain-specific tasks by leveraging an exter-
nal knowledge base of comment-feedback pairs,
thereby facilitating more accurate and consistent
predictions.



3.1 Retrieval-Augmented Prompting (RAP)
Framework

The RAP framework integrates a sophisticated re-
trieval mechanism with advanced prompt engineer-
ing to provide LLMs with dynamically selected,
highly relevant few-shot examples. This integra-
tion allows the LLM to perform in-context learning
more effectively, adapting its reasoning to the spe-
cific characteristics of the input comment. The
framework operates in three main stages: comment
encoding and retrieval, dynamic prompt construc-
tion, and LLM prediction. Each stage is meticu-
lously designed to optimize the quality and rele-
vance of the information presented to the LLM,
ensuring a robust and adaptive prediction process.

3.1.1 Comment Encoding and Retrieval

For each incoming user comment C),,, that re-
quires feedback prediction, the initial step involves
transforming it into a dense vector representa-
tion. This encoding process is crucial for capturing
the semantic meaning of the comment in a high-
dimensional space, thereby enabling efficient and
accurate similarity comparisons. We utilize state-
of-the-art embedding models, such as Sentence-
BERT or advanced transformer-based models, to
generate a high-dimensional vector v¢,,, € R?
for Chew- The choice of embedding model is criti-
cal, often involving pre-trained models fine-tuned
on relevant textual data to ensure the semantic vec-
tors accurately reflect the domain-specific charac-
teristics of comments.

Concurrently, a knowledge base K =
{(C;, F})}Y, is constructed from a pre-existing
collection of historical comment-feedback pairs,
typically derived from the training dataset. Each
historical comment C; in K is also pre-encoded
into a corresponding vector vc,. When a new com-
ment Che,, arrives, we query K to identify k se-
mantically most similar historical comments. The
similarity between the new comment and histori-
cal comments is typically measured using cosine
similarity between their vector representations:

VC'new i VCl
ch'new H HVC7 ||

ey

Similarity(ve,.,,ve;) =

The retrieval module then selects the top-k pairs
{(C3, F7)}Yi_, from K that exhibit the highest sim-
ilarity scores to Ch,eq,. For large knowledge bases,
efficient Approximate Nearest Neighbor (ANN)
search algorithms, such as HNSW or FAISS, are

employed to perform this retrieval process in a com-
putationally feasible manner. The set of retrieved
examples & = {(C7, F}) ;‘?:1 forms the founda-
tional context for the subsequent prompt construc-
tion phase. The retrieval function can be formally
expressed as:

E* = Retrieve(ve,, ., , K, k)

= TopK({Similarity(v¢, ., vc;) | (Ci, F;) € K}, k)

2

where TopK returns the k¥ comment-feedback pairs
corresponding to the highest similarity scores.

3.1.2 Dynamic Prompt Construction

Once the k£ most relevant historical comment-
feedback pairs £* = {(C}, F) ?:1 are retrieved,
they are dynamically integrated into a structured
prompt P specifically designed for the LLM. This
process extensively leverages the principles of few-
shot learning, where the retrieved examples pro-
vide concrete, in-context demonstrations of the task.
The prompt template is meticulously designed to
guide the LLM towards the desired output format
and reasoning process, combining a clear system
instruction with the dynamically inserted examples.
A typical structure for the augmented prompt is as
follows:

You are a feedback assistant.
Below are some examples of comments and
their corresponding feedback types:

[Retrieved Example 1:
Comment: [Historical Comment 1]
Feedback: [Historical Feedback 11]]

[Retrieved Example 2:
Comment: [Historical Comment 2]
Feedback: [Historical Feedback 21]]

Please analyze the following comment
and predict its feedback type:

Comment: [User Comment]

Options: (A) Positive (B) Constructive
(C) Negative

Please answer with the most appropriate
label and a brief explanation.

The retrieved examples {(C7, F| f)}?zl are inserted
into the designated slots within the prompt, effec-
tively priming the LLM with relevant patterns and



expected responses. The order of these examples
can be randomized or ordered by similarity score
to mitigate potential order biases. This dynamic
inclusion of specific, similar instances significantly
reduces the ambiguity for the LLM and helps it to
better generalize from the provided context to the
new, unseen comment. The prompt construction
function fompt can be represented as:

P(Cnewa 5*)

k
= SystemlInstruction + Z ExampleBlock(C7, F)

j=1
+ QueryBlock(Chew) (3)

where SystemlInstruction sets the role and task,
ExampleBlock formats each retrieved pair, and
QueryBlock presents the new comment for predic-
tion.

3.1.3 LLM Prediction

The final stage involves feeding the dynamically
constructed, retrieval-augmented prompt P to the
Large Language Model. The LLM processes this
comprehensive input, which includes both explicit
instructions and implicit guidance derived from
the few-shot examples. Based on this enriched
context, the LLM then generates a prediction for
the feedback type of Cje,, and provides a concise
explanation for its decision. The model’s output O
is expected to be in a structured format, such as:

Feedback: [Predicted Label]
Explanation: [Brief Explanation]

The LLM’s prediction process can be conceptual-
ized as a function frras:

0= fLLM(P(Cnewag*)) (4)

By providing the LLM with highly relevant, dy-
namically retrieved examples, the RAP framework
significantly enhances its ability to understand the
specific nuances of each comment and make more
accurate and robust predictions. This is particularly
crucial in complex or domain-specific scenarios
where internal model knowledge alone might be
insufficient. The contextual examples guide the
LLM’s reasoning process, leading to more consis-
tent, interpretable, and accurate outputs compared
to methods relying solely on static prompt engineer-
ing. This approach effectively leverages the LLM’s
in-context learning capabilities by providing it with
direct, task-relevant demonstrations.

4 Experiments

4.1 Experimental Setup

Our experimental methodology is designed to
rigorously evaluate the efficacy of the proposed
Retrieval-Augmented Prompting (RAP) frame-
work against both established Large Language
Models (LLMs) and competitive prompt engineer-
ing approaches for the task of comment feedback
prediction.

4.1.1 Dataset

We utilize a specialized dataset, as described in
[16], comprising 50,000 comment-feedback pairs.
This dataset was meticulously curated from diverse
online sources, including forums, social media plat-
forms, and academic peer review systems, ensuring
arich and varied representation of real-world user
comments. Each comment in the dataset is ac-
companied by a human-annotated feedback label,
categorized into three distinct types:

1. Positive: Indicating agreement, affirmation,
or expressions of gratitude.

2. Constructive: Representing suggestions for
improvement, conditional approvals, or nu-
anced feedback.

3. Negative/Reject: Signifying disagreement,
rejection, or disapproval.

The dataset is partitioned into training, validation,
and testing sets to ensure robust evaluation and
prevent data leakage. The detailed statistics of the
dataset are as follows:

* Total Samples: 50,000

* Training/Validation/Testing Split: 40,000 /
5,000/ 5,000

» Average Comment Length: 38 tokens

» Average Feedback Length: 12 tokens

This balanced distribution and realistic comment
characteristics make the dataset an ideal bench-
mark for evaluating comment feedback prediction
systems.

4.1.2 Model Settings

To provide a comprehensive comparative analysis,
we evaluate our proposed GPT-5 + RAP method
against a suite of leading LLMs and a strong
prompt engineering baseline. The models and
methods included in our evaluation are:



¢ Baseline LLMs: Qwen3-7B, Claude, and
Gemini [2]. These models are evaluated using
a basic, direct prompting approach without
specific optimizations beyond their inherent
capabilities.

¢ GPT-5 (Baseline): The GPT-5 model serves
as a strong baseline, evaluated with a straight-
forward prompt designed to elicit feedback
predictions, demonstrating its performance
without advanced prompting strategies.

* GPT-5 + PE: This method employs GPT-5
augmented with a sophisticated prompt engi-
neering (PE) strategy, as detailed in prior work
[13]. This baseline represents the state-of-the-
art in non-retrieval-augmented prompting for
this task.

* GPT-5 + RAP (Our Method): Our proposed
Retrieval-Augmented Prompting frame-
work, integrating GPT-5 with dynamic re-
trieval of relevant comment-feedback exam-
ples, as described in Section 2.

For the retrieval component within our RAP frame-
work, we utilize an OpenAl embedding model to
encode comments into vector representations [14].
The top-k = 4 semantically most similar exam-
ples are retrieved from the training set for dynamic
prompt construction.

4.1.3 Evaluation Metrics

The performance of each method is assessed using
three key metrics:

* Accuracy (%): The percentage of correctly
predicted feedback labels. This is a fundamen-
tal metric for classification tasks, indicating
overall correctness.

e Macro-F1 Score (%): The harmonic mean
of precision and recall, calculated indepen-
dently for each class and then averaged. This
metric is particularly useful for evaluating per-
formance on imbalanced datasets, as it treats
all classes equally.

* Explanation Consistency (%): This metric
quantifies the agreement between the LLM-
generated explanation for a prediction and the
ground truth feedback, measuring how well
the explanation aligns with the actual label
and underlying reasoning. This is evaluated
by an automated consistency check or a proxy
metric.

4.2 Performance Comparison

Table 1 presents the comprehensive performance
comparison of our proposed GPT-5 + RAP method
against various leading LLMs and prompt engineer-
ing approaches on the comment feedback predic-
tion task.

The results unequivocally demonstrate the su-
perior performance of our GPT-5 + RAP method
across all evaluation metrics. Specifically, GPT-5 +
RAP achieves the highest Accuracy of §9.5%, out-
performing the strong GPT-5 + PE baseline by 0.8
percentage points and the vanilla GPT-5 baseline by
a significant 7.1 percentage points. Similar trends
are observed for the Macro-F1 score, where our
method achieves 88.3%, surpassing GPT-5 + PE
by 0.8 percentage points and GPT-5 by 6.6 percent-
age points. Furthermore, in terms of Explanation
Consistency, GPT-5 + RAP records 86.5%, indi-
cating a higher alignment between its generated
explanations and the true feedback. These findings
underscore the significant advantages of integrating
dynamic retrieval-augmented prompting, validat-
ing its effectiveness in enhancing LLM adaptability
and predictive accuracy for domain-specific tasks.

4.3 Analysis of Retrieval-Augmented
Prompting Effectiveness

The substantial performance gains observed with
GPT-5 + RAP can be attributed directly to the core
principles of our proposed framework, as detailed
in Section 2. The dynamic provision of highly rel-
evant historical comment-feedback examples acts
as a powerful form of in-context learning, guiding
the LLM’s reasoning process more effectively than
static prompts or the LLM’s internal knowledge
alone. By encoding the new comment and retriev-
ing semantically similar instances from the knowl-
edge base, the RAP framework ensures that the
LLM is primed with specific, task-relevant patterns
and nuances. This mechanism helps to overcome
the inherent limitations of LLMs when confronted
with domain-specific jargon, subtle contextual cues,
or complex inference requirements that may not
be fully captured by generic pre-training. The few-
shot examples embedded within the prompt provide
concrete demonstrations, enabling the LLLM to bet-
ter generalize from these instances to the new, un-
seen comment. This dynamic contextualization sig-
nificantly reduces ambiguity, enhances the model’s
understanding of the task’s specific demands, and
ultimately leads to more accurate, robust, and con-



Table 1: Performance comparison of different LLMs and prompting methods for comment feedback prediction.

Model Accuracy (%) Macro-F1 (%) Explanation Consistency (%)
Qwen3-7B 74.8 72.9 70.5
Claude 78.6 76.1 74.2
Gemini 80.2 78.9 76.8
GPT-5 (Baseline) 82.4 81.7 80.3
GPT-5 + PE 88.7 87.5 85.9
GPT-5 + RAP (Our Method) 89.5 88.3 86.5

sistent predictions, as evidenced by the improved
Accuracy, Macro-F1, and Explanation Consistency
scores.

4.4 Human Evaluation of Explanation Quality

Beyond automated metrics, the quality and in-
terpretability of LLM-generated explanations are
paramount for practical applications. To further
validate the benefits of our approach, we conducted
a human evaluation focusing on the explanations
provided by the models. A random subset of 500
predictions from the test set was selected, and their
generated explanations were presented to three in-
dependent human annotators. Annotators were
asked to rate each explanation on a 5-point Lik-
ert scale (1=Poor, 5S=Excellent) based on its Co-
herence (logical flow and clarity) and Relevance
(how well it justifies the predicted feedback). Ad-
ditionally, they assessed the Factual Alignment
(consistency with the comment content). The aver-
age scores across annotators are presented in Figure
1.

Average Score (1-5 Likert Scale)

Figure 1: Human evaluation of explanation quality (av-
erage scores on a 1-5 Likert scale).

The human evaluation results corroborate the
findings from our quantitative analysis. GPT-5
+ RAP consistently received the highest average
scores across all human-judged criteria: Coherence,
Relevance, and Factual Alignment. This indicates

that by leveraging dynamically retrieved examples,
our method not only improves the predictive ac-
curacy but also significantly enhances the quality
and interpretability of the explanations generated
by the LLM. The contextual examples guide the
LLM to formulate more precise and well-reasoned
justifications, making the predictions more trust-
worthy and useful for human users and downstream
applications. The ability to generate high-quality,
aligned explanations is a crucial advantage of the
RAP framework, especially in sensitive applica-
tions requiring transparency and accountability.

4.5 Ablation Study of Retrieval-Augmented
Prompting

To further understand the individual contribu-
tions of the key components within the Retrieval-
Augmented Prompting (RAP) framework, we
conducted an ablation study. This analysis specifi-
cally investigates the impact of semantic retrieval
compared to using arbitrary in-context examples,
while keeping the sophisticated prompt structure
consistent. We compare our full GPT-5 + RAP
method against two ablated variants:

* GPT-5 + PE: The strong prompt engineering
baseline without any few-shot examples, as
discussed previously.

* GPT-5 + Random Few-Shot: This variant
uses the identical prompt template and struc-
ture as GPT-5 + RAP, but instead of seman-
tically retrieving relevant examples, it incor-
porates k = 4 randomly selected comment-
feedback pairs from the training set. This
isolates the effect of providing few-shot exam-
ples within a structured prompt, without the
benefit of semantic relevance.

* GPT-5 + RAP (Full): Our complete method,
leveraging semantically retrieved examples.



The results of this ablation study are presented in
Table 2.

The ablation study clearly highlights the criti-
cal role of semantic retrieval in the RAP frame-
work. While GPT-5 + Random Few-Shot shows
a marginal improvement over GPT-5 + PE (0.2%
in Accuracy, 0.3% in Macro-F1), suggesting that
even non-relevant examples can offer some minor
benefit in context, the full GPT-5 + RAP method
demonstrates a more substantial gain. GPT-5 +
RAP outperforms GPT-5 + Random Few-Shot
by 0.6% in Accuracy and 0.5% in Macro-F1. This
indicates that the quality and relevance of the few-
shot examples, ensured by the semantic retrieval
mechanism, are paramount for maximizing the in-
context learning capabilities of the LLM. Simply
providing examples is not sufficient; they must be
highly relevant to the specific input comment to
effectively guide the LLM’s reasoning and achieve
significant performance enhancements.

4.6 Sensitivity to the Number of Retrieved
Examples (k)

The number of retrieved examples, k, is a cru-
cial hyperparameter in the Retrieval-Augmented
Prompting framework. To assess its impact on
performance, we conducted a sensitivity analysis
by varying k from 1 to 16, while keeping all other
components of the GPT-5 + RAP setup constant.
The results are presented in Figure 2. Note that
k = 0 effectively represents the GPT-5 + PE base-
line, where no dynamically retrieved examples are
provided.
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Figure 2: Sensitivity analysis of GPT-5 + RAP perfor-
mance with varying number of retrieved examples (k).

As shown in Figure 2, the performance of GPT-5
+ RAP exhibits a clear dependency on the number
of retrieved examples. Performance steadily im-
proves as k increases from O to 4, reaching its peak
at k = 4 across all metrics. This suggests that

a moderate number of relevant examples is opti-
mal for providing sufficient context and guiding
the LLLM effectively. Beyond k = 4, we observe
a slight decline in performance for £ = 8 and a
more noticeable drop for £ = 16. This degradation
can be attributed to several factors: increasing the
number of examples might introduce noise or less
relevant instances, potentially diluting the impact
of the most pertinent ones. Additionally, a larger
context window might strain the LLM’s ability to
effectively process and leverage all provided infor-
mation, or even lead to context window limitations
for some models, thereby reducing its overall effi-
cacy. Our chosen value of £ = 4 thus represents
an optimal balance between providing rich context
and maintaining focus for the LLM.

4.7 Impact of Embedding Model Choice for
Retrieval

The effectiveness of the retrieval mechanism within
Retrieval-Augmented Prompting is heavily re-
liant on the quality of the embeddings used to
represent comments. To evaluate this impact, we
compared the performance of GPT-5 + RAP us-
ing different embedding models for the comment
encoding and retrieval stage, while keeping the
LLM (GPT-5) and the number of retrieved exam-
ples (k = 4) constant. We evaluated three distinct
embedding approaches:

* OpenAl Embeddings: The state-of-the-art
model used in our primary experiments.

* Sentence-BERT (SBERT): A widely recog-
nized and highly effective sentence embed-
ding model, often used as a strong baseline
for semantic similarity tasks.

* Word2Vec Average: A simpler, traditional
method where word embeddings (trained on
our dataset) are averaged to form a sentence
embedding. This serves as a lower-bound
baseline for embedding quality.

The results of this comparison are presented in
Table 3.

Table 3 clearly demonstrates that the choice
of embedding model significantly influences the
overall performance of the Retrieval-Augmented
Prompting framework. OpenAl Embeddings, as
utilized in our main experiments, yield the highest
performance across all metrics, reinforcing their
effectiveness in capturing the semantic nuances



Table 2: Ablation study of RAP components for comment feedback prediction.

Model Variant Accuracy (%) Macro-F1 Score (%) Explanation Consistency (%)
GPT-5 + PE 88.7 87.5 85.9
GPT-5 + Random Few-Shot 88.9 87.8 86.1
GPT-5 + RAP (Full) 89.5 88.3 86.5

Table 3: Impact of different embedding models on GPT-5 + RAP performance.

Embedding Model Accuracy (%) Macro-F1 Score (%) Explanation Consistency (%)
Word2Vec Average 87.0 85.5 84.1
Sentence-BERT 89.0 87.9 86.2
OpenAl Embeddings 89.5 88.3 86.5

of comment feedback. Sentence-BERT also per-
forms very strongly, achieving competitive results
that are only slightly below those of OpenAl Em-
beddings. This underscores the importance of ad-
vanced, transformer-based embedding models for
generating high-quality representations crucial for
accurate semantic retrieval. In contrast, the sim-
pler Word2Vec Average method shows a noticeable
drop in performance, highlighting its limitations
in capturing complex contextual relationships nec-
essary for effective retrieval. These findings em-
phasize that investing in robust and semantically
rich embedding models is a critical factor for max-
imizing the benefits of retrieval-augmented LLM
systems.

4.8 Computational Overhead Analysis

While Retrieval-Augmented Prompting (RAP)
offers significant performance advantages, it in-
herently introduces additional computational steps
compared to methods relying solely on LLM infer-
ence. To provide a comprehensive view of its practi-
cal implications, we analyzed the average inference
time per query for different methods, focusing on
the added overhead of the retrieval process. All
measurements were conducted on a single A100
GPU for LLM inference and a CPU for embedding
generation and ANN search for retrieval, averaged
over 1,000 test samples. The results are presented
in Table 4.

Table 4 illustrates the computational overhead
introduced by the RAP framework. For GPT-5
(Baseline) and GPT-5 + PE, the total inference
time is solely dictated by the LLM inference, with
GPT-5 + PE being slightly longer due to the more
complex prompt structure. For GPT-5 + RAP, an

additional 0.15 seconds are required for the com-
ment encoding and retrieval process. This retrieval
time is relatively efficient, thanks to the use of opti-
mized embedding models and Approximate Near-
est Neighbor (ANN) search algorithms. The LLM
inference time for GPT-5 + RAP is also slightly
higher (0.95 seconds) compared to the non-retrieval
baselines, primarily because the augmented prompt,
containing k few-shot examples, is longer and thus
requires more tokens for the LLM to process. Con-
sequently, the total inference time for GPT-5 +
RAP is 1.10 seconds, representing an increase of
approximately 29% over GPT-5 + PE. While this
overhead exists, it is a manageable trade-off for the
substantial improvements in accuracy, Macro-F1,
and explanation quality. For applications where
high accuracy and explainability are critical, this
additional computational cost is often acceptable.
Future work could explore more efficient retrieval
mechanisms or smaller, specialized LLMs to fur-
ther optimize the overall latency.

5 Conclusion

In this work, we proposed a novel Retrieval-
Augmented Prompting (RAP) framework to ad-
dress the challenge of user comment feedback
prediction in online environments. By dynam-
ically retrieving semantically relevant historical
comment-feedback pairs, RAP enriches LLMs with
domain-specific context, overcoming the limita-
tions of static prompt engineering. Experiments on
a dataset of 50,000 pairs demonstrated that GPT-5 +
RAP achieved state-of-the-art performance (Accu-
racy 89.5%, Macro-F1 88.3%, Explanation Consis-
tency 86.5%), surpassing GPT-5 baselines, prompt
engineering variants, and other leading models



Table 4: Average inference time per query (in seconds) for different methods.

Method Retrieval Time (s) Inference Time (s) Total Time (s)
GPT-5 (Baseline) — 0.82 0.82
GPT-5 + PE — 0.85 0.85
GPT-5 + RAP (Our Method) 0.15 0.95 1.10

(Qwen3-7B, Claude, Gemini). Human evaluations
further confirmed superior interpretability, with ex-
planations rated higher in coherence, relevance, and
factual alignment. Ablation studies highlighted the
importance of semantic relevance, optimal retrieval
size (k = 4), and high-quality embeddings. While
introducing modest computational overhead, RAP
offers substantial gains in robustness and trans-
parency. Future directions include exploring effi-
cient retrieval mechanisms, multimodal extensions,
and broader domain applications. Overall, this re-
search establishes RAP as a powerful paradigm
for enhancing LLMs in knowledge-intensive tasks,
enabling more adaptable and interpretable Al sys-
tems.
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