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Abstract: Large language models (LLMs) are designed to read, reason, and generate natural language,
enabling improved access to information, problem solving, and communication. However, their
performance depends strongly on prompt design and model scale. Lightweight LLMs (fewer than 5B
parameters) often struggle to summarize complex technical documents such as research publications
due to domain-specific terminology, dense citations, and mathematical notation, which can increase
hallucinations and reduce reliability. We have introduced a hybrid framework that combines
Natural Language Processing (NLP) driven preprocessing techniques, sparse input activation, and
prompt engineering to enhance the summarization capacity of small-scale models by minimizing
hallucinations and maximizing factual accuracy. The pipeline starts with cleaning and segmenting
full articles into sections, removing references, citations, and formulas. On this normalized output,
salient sentence extraction and keyphrase extraction are performed as part of the sparse input activation
module. The activated input and optimized prompt are fed to LLMs of different scales and the
summaries are benchmarked with respect to different prompting strategies and model sizes. This
workflow significantly enhances the factual accuracy and reliability of summaries generated by
lightweight LLMs, making them competitive for complex scientific and technical summarization tasks.
Our adaptive prompting and sparse input activation approach significantly boosted summarization
quality in lightweight LLMs, improving average ROUGE-1 recall from about 32% to 46% (44%
relative gain), human evaluation scores from 66% to 91% (39% relative gain), and coverage ratio
from 39% to 60% (53% relative gain) over the baseline.

Keywords: lightweight large language models (LLMs); document summarization; sparse input
activation (SIA); adaptive prompting; salient sentence extraction; keyphrase extraction; factual
accuracy
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1. Introduction

Text summarization enables faster comprehension of large volumes of information by generating
concise versions of documents while preserving key ideas. As the pace at which digital information is
produced continues to accelerate, individuals and organizations face increasing difficulty in processing
long and complex documents. Summarization helps reduce cognitive effort and allows users to focus
on essential insights rather than sifting through extensive text. As a result, summarization has become
a vital component in fields such as education, research, journalism, and enterprise systems where rapid
comprehension is important for decision-making and productivity. Large language models (LLMs) are
effective in text summarization and can generate summaries that help the users understand the core
concepts without having to read through the entire document [9]. Their ability to understand language
structure, identify salient points, and maintain coherence has pushed automatic summarization beyond
traditional rule-based or statistical methods [17].

However, this comes with a cost. Their performance heavily depends on the effectiveness of the
prompt given and the size of the model. Crafting suitable prompts is often non-trivial, especially when
dealing with domain-specific or highly technical inputs, and even small variations can significantly
affect output quality [6, 8, 10]. At the same time, the most powerful models, such as state-of-the-art
proprietary foundation models, demand massive computational resources that make them impractical
to use in edge devices or local hardware. This creates a performance gap between lightweight LLMs
and large-scale LLLMs. Additionally, large models introduce concerns related to cost, latency, privacy,
and accessibility, making it difficult for smaller organizations or personal users to rely on them for daily
tasks. Thus, although state-of-the-art summarization quality is achievable, it is not always attainable
under realistic computational constraints.

One of the most challenging applications for smaller models is summarizing complex, technical
documents such as research papers or technical reports. These texts are long, filled with technical
notations and formulas that require deep context understanding. Such technical research papers
frequently include multi-layered arguments, domain-specific abbreviations, and complex cross-
sectional logical dependencies, which can challenge smaller language models. Prior studies report
that lightweight models are more sensitive to prompt design and more prone to factual inconsistencies
and hallucination when handling dense or technical inputs [6, 17], often resulting in incomplete or
inaccurate summaries as illustrated in Figure 1. Such inaccuracies can be particularly harmful when
the information is used for academic study, engineering design, or scientific interpretation. Meanwhile,
larger models handle these tasks well because they are trained with billions of parameters, which
provide broader context [17]. The gap lies not only in training but also in access to the large-scale
computing resources during inference. This makes it clear that improving the way small models
utilize their limited capacity is as important as improving the models themselves. If smaller models
can be guided to focus their limited attention on the most important parts of the text, we can make
them far more capable without increasing their size [3—5]. This idea reflects how humans process
information: rather than reading every sentence with equal weight, skilled readers selectively attend
to topic sentences, conclusions, keywords, and central arguments [S5]. Adopting a similar strategy
for LLMs can allow small models to produce summaries closer in quality to those of large models
while avoiding unnecessary computational overhead. Such an approach not only benefits resource-
constrained environments but also enhances efficiency in cloud-based systems by reducing input size
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and inference cost.

Technical research paper
Dense, multi-section content

A 4
Raw full document input
No content selection or normalization

v
Lightweight LLM
Limited context window

v
Incomplete or hallucinated
summary

A 4

- Information overload

- Context dilution

- Context window constraints
- Factual inconsitency

Figure 1. Illustration of the baseline summarization problem in lightweight LLMs.

This project tackles that challenge by introducing sparse input activation combined with adaptive
prompt optimization. Before the model begins summarizing, we use NLP techniques to extract the
most meaningful sentences, key phrases, and findings from the document. These high-value segments
are selectively passed to the model, while the prompt is structured to guide its attention toward what
truly matters [8]. By reducing exposure to irrelevant or low-value content, the model devotes more of
its limited reasoning ability to understanding central ideas. This architecture also reduces the likelihood
of hallucination and off-topic generation. The system is evaluated on open-access academic datasets
and benchmarked against larger-scale LLMs, allowing us to measure improvements in both precision
and robustness under constrained conditions.

In doing so, this work contributes to a practical way to make small LLMs perform better on
summarization tasks by improving accuracy, consistency, and focus without the heavy cost of large-
scale training or hardware. It demonstrates how targeted input activation and adaptive prompting can
effectively bridge the performance gap, enabling smaller models to handle complex summarization
tasks that traditionally require high-capacity LLMs. This approach ultimately supports broader
deployment of Al tools in real-world environments where computational resources are limited. Our
evaluation shows that the proposed approach improves summarization quality and consistency for small
LLMs, narrowing the performance gap with larger models while reducing hallucination and irrelevant
outputs. Experiments show consistent gains in ROUGE-1 recall, coverage, and human evaluation
scores compared to baseline lightweight summarization.

To address these limitations, we introduce a hybrid framework with the following contributions:

e Sparse Input Activation as Inference-Time Attention: We propose sparse input activation
(SIA) as an inference-time selective attention mechanism that maximizes information density
under limited context constraints. Unlike prior preprocessing approaches, SIA explicitly
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compensates for the limited representational capacity of lightweight LLLMs by prioritizing high-
salience and low-redundancy content.

e Input Prompt Optimization Strategy: We design a structured prompting approach
incorporating role specification, context injection, and chain-of-thought reasoning to improve
factual grounding and coherence.

e Comprehensive Multi-Metric Evaluation Protocol: We evaluate the proposed framework
on academic datasets using controlled experiments and ablation studies to show that SIA
improves factual grounding and coverage, while adaptive prompting enhances lexical retention
and coherence, together yielding substantial gains across ROUGE, the coverage ratio, and human
evaluation.

2. Related work

Large language models (LLMs) have achieved strong performance on summarization tasks, but their
effectiveness often relies on large model sizes and substantial computational resources. Lightweight
LLMs are more practical for local and edge environments, yet they struggle with summarizing long,
technical documents due to limited context capacity, prompt sensitivity, and hallucinations. Existing
research addresses this challenge through content selection techniques [1,2], long-context transformer
architectures such as Longformer and BigBird [3, 4], and inference-time prompting strategies [6,7,9,
10]. However, architectural approaches typically require specialized attention mechanisms or modified
training procedures [3, 4], while prompting-based techniques remain constrained by input length and
context quality, particularly for long technical documents [6, 8, 17].

Prior work on content selection and input reduction aims to identify salient information before
summarization. Methods such as TextRank rank sentences based on graph connectivity [1], while
KeyBERT extracts semantically important key phrases using contextual embeddings [2]. These
techniques reduce input length and highlight important content, and recent work shows that careful
content selection and prompt compression can improve small-model summarization efficiency [5].
However, most approaches treat content selection as a preprocessing heuristic rather than as a
mechanism to explicitly compensate for the limited attention capacity of small LLMs at inference
time. In parallel, architectural approaches such as Longformer and BigBird introduce sparse and global
attention patterns to handle long documents efficiently [3,4], but they require specialized architectures
or training pipelines that are impractical for lightweight model deployment.

A complementary line of work focuses on inference-time prompting and robustness. Calibration
techniques reduce prompt sensitivity [6], AutoPrompt demonstrates systematic trigger token
discovery [7], and structured prompting methods such as chain-of-thought and chain-of-density
improve reasoning and information density in generated outputs [8, 10]. While these techniques
improve generation quality, they remain constrained by the quality and length of the input context and
do not directly address information overload in technical documents. Retrieval-augmented generation
(RAG) grounds outputs using external evidence [11], and pretrained summarization frameworks such
as BART and PEGASUS show that effective summarization can emerge from partial or compressed
inputs [12, 13]. However, RAG typically relies on external retrieval infrastructure and does not
explicitly target document-internal content selection for small models. Our work bridges these gaps by
combining sparse input activation with adaptive prompting to simulate selective attention at inference
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time, enabling lightweight LLMs to generate more accurate, complete, and reliable summaries of
technical documents without modifying model architecture or requiring additional training.

3. Proposed framework for efficient summarization with lightweight LLMs

Figure 2 illustrates the proposed efficient summarization framework, designed to improve
summarization quality for lightweight LLMs by combining structured preprocessing, sparse input
activation, adaptive prompting, and multi-method evaluation. The overall workflow is divided into
four sequential stages, each contributing to the factual accuracy, coherence, and completeness of the
final generated summary.

Document Ingestion and Normalization

Format Conversion Text Cleaning and
(Document to Structure JSON) Normalization

A\ 4

Salience-Based Context Construction

Salient Sentence Identification

Keyphrase Extraction

A4

Adaptive Prompting and LLM-Driven
Summarization

Summary Generation via LLM
Inference

Prompt Optimization |

\ 4
Multi-Method Evaluation and Quality
Assessment

Human-in-the-Loop Automated Metric-Based
Evaluation Evaluation

Figure 2. Overview of the proposed four-stage summarization framework.

3.1. Document ingestion and normalization

As shown in Figure 2, the framework begins by transforming raw research papers in PDF format
into a structured, machine-readable format that preserves the hierarchical structure of sections and text.
We utilized SciPDF Parser [19], an open-source tool designed for scientific documents that preserves
section boundaries, paragraph order, and reading flow across two-column layouts. Following this, a
rigorous cleaning and normalization stage is applied. This step removes non-essential elements such as
in-text citations, section numbers, formulas, and extensive reference blocks, reducing noise that could
interfere with smaller language models [14, 16] and ensuring that only meaningful content is retained.

3.2. Salience-based context construction

Once the documents are normalized, the system extracts salient sentences to reduce the text
volume while retaining critical information. The process begins with term frequency and inverse
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document frequency (TF-IDF) computation, which identifies words that are most representative of
the document [20]. Cosine similarity is then calculated pairwise between all sentences to construct a
similarity matrix, which is treated as a weighted graph where each sentence is a node. The TextRank
algorithm is applied to this graph to assign relevance scores to each sentence, generating an initial
measure of importance [1]. To further refine the selection and ensure diversity, maximal marginal
relevance (MMR) is employed [21]. MMR iteratively selects sentences that balance high relevance,
based on TextRank scores, with low redundancy, using the objective

MMR(i) = arg max|1 - STR(i) - (1 - 2) - max Sim(i, /),
i€R jes

where S is the set of already selected sentences, R is the remaining candidate set, STR(7) is the
TextRank score, Sim(i, j) is the cosine similarity between sentences, and 4 = 0.7 biases the selection
toward relevance while penalizing redundancy. This formulation can be interpreted as a constrained
optimization problem where the objective is to maximize information density under a limited context
budget. By selecting sentences that jointly optimize relevance and diversity, sparse input activation
effectively increases the signal-to-noise ratio of the input provided to the LLM. This is particularly
important for lightweight models, where limited attention capacity and smaller parameterization make
them more sensitive to irrelevant or redundant content. The final set of the K sentences forms the sparse
input activation pool. We select the top K sentences (K is determined as 30% of document length with
a minimum of 20). These sentences are then passed through BERTSum [22], a pre-trained transformer
model, which analyzes the content in context to refine the selection of sentences that best represent
the document’s main ideas. Keyphrase extraction is performed using contextual embedding—based
ranking via KeyBERT, which identifies semantically salient phrases by leveraging transformer-based
embeddings, aligning with prior statistical-semantic keyword extraction approaches such as Shah and
Franti [23].

3.3. Adaptive prompting and LLM-driven summarization

After preparing the salient content, the system orchestrates the generation of final summaries using
a lightweight locally deployed LLM. For each paper, the system aggregates the normalized abstract,
conclusion, BERTSum [22] outputs, and extracted keyphrases from the previous stage.

In this work, adaptive prompting refers to input-conditioned prompt construction, where the
overall prompt structure remains fixed, but the injected content varies dynamically across documents.
Specifically, document-specific elements such as salient sentences, keyphrases, and section-level
summaries are incorporated into the prompt, resulting in context-sensitive inputs that adapt to the
characteristics of each paper.

The constructed prompt consists of three components: (1) a role instruction that defines the
model as an expert academic research assistant responsible for producing accurate and coherent
summaries grounded strictly in the provided content, (2) structured chain-of-thought (CoT) guidance
that directs the model to analyze the abstract and conclusion, synthesize salient sentences, and integrate
keyphrases, and (3) a context injection module containing the document-specific inputs.

Additionally, a one-shot example is included to guide the desired narrative flow, tone, and structure
without enforcing content reuse. The model is instructed to generate a cohesive executive summary in
a continuous narrative format, avoiding bullet points or sectional headings.
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This combination of role conditioning, reasoning guidance, and input-adaptive context injection
enables the LLM to generate high-quality, context-aware executive summaries as illustrated in Figure 3
while reducing the chances of hallucinations and preserving factual consistency.

Abstract— Artificial Intelligence (AI) Report in 1973, which triggered a
Ethics is a nascent yet critical research massive loss of confidence in AI [3]. In
field. Recent developments in the United States, the Defense
generative Al and foundational Advanced Research Projects Agency
models necessitate a renewed look at (DARPA) also drastically reduced its Al
the problem of Al Ethics. In this study, funding. Al sank into an “AI Winter"

we perform a bibliometric.........ccccc..... until 1980. The relief in .......ccccceevenueenne
{
"title": "A Bibliometric View of AI Ethics Development",
"sections": [
{

"title": "Abstract",
"content": "Artificial Intelligence (Al) Ethics is a nascent yet critical research
field. Recent developments in generative Al and foundational models ...............

1

{ {
"paper_id": "A Bibliometric View of "title": "A Bibliometric View of Al
Al Ethics Development", Ethics Development"”,
"salient_sentences": [ "yake_keyphrases": [
"Artificial Intelligence (AI) Ethics "Ethics",
is the study of the ethical and ............ "artificial intelligence ethics", .........

y

Artificial Intelligence (AI) Ethics is a burgeoning field that examines the ethical
implications of AI development and deployment.

**Executive Summary**

This paper conducts a bibliometric analysis of Al Ethics literature over the past
20 years, focusing on keyword usage patterns to trace its development ............

Figure 3. Illustration of stage-wise text transformation across the sequential stages.

The final prompt provided to the LLM follows a structured, multi-component design consisting of
role conditioning, reasoning guidance, and context injection. The overall structure is shown below:

System Instruction: You are an expert academic research assistant specializing in
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synthesizing complex technical papers into an accessible, accurate, and comprehensive
executive summary. The summary must be professional, well-structured, and strictly
grounded in the provided contextual data. Do not introduce external information or
speculation. The output should be a cohesive, single-block executive summary not
exceeding three paragraphs, without sectional headings or bullet points.

User Prompt:
Chain-of-Thought and Context Injection Instructions:

(1) Analysis: Review the abstract and conclusion to identify the core research problem,
primary gap, and main contribution.

(2) Synthesis: Integrate extracted keyphrases to ensure coverage of major thematic
elements.

(3) Grounding: Use salient sentences as factual anchors to construct a faithful and accurate
summary.

(4) Formatting: Follow the narrative flow demonstrated in the one-shot example while
generating a unique summary for the target paper.

One-Shot Example:
Title: The Role of Quantum Computing in Differential Privacy in loT Networks

This paper investigates the inherent conflict between high utility data-sharing and robust
privacy protection within IoT environments, proposing that traditional cryptographic
methods are insufficient against emerging quantum-enabled threats. The authors focus
on how differential privacy (DP) mechanisms fail to scale efficiently in high-velocity,
decentralized IoT networks, leading to a “utility cliff” where privacy gains erode data
usefulness. To address this, the research introduces a novel quantum-resistant differential
privacy (QRDP) framework. The methodology combines homomorphic encryption for
query processing with a quantum-hardened noise injection protocol guided by machine
learning optimization. Experimental results demonstrate a 35% improvement in query
response time over classical DP approaches. The primary contribution is a proof-of-concept
system that balances quantum-level security with data utility for IoT applications. The work
concludes that QRDP protocols provide a viable pathway for regulatory compliance without
sacrificing analytical value.

Context Injection:

e Abstract: {abstract}

e Conclusion: {conclusion}

e Salient Sentences: {top-k sentences}
e Keyphrases: {keyphrases}

Final Task: Generate the final executive summary for the target paper based on the
instructions and context above. Begin the response with the title: Executive Summary.

The prompt structure remains fixed across documents, while the injected content (abstract,
conclusion, salient sentences, and keyphrases) varies dynamically, enabling input-adaptive
summarization. This prompt is instantiated separately for each document, resulting in variations in
content composition while preserving a consistent reasoning framework.
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3.4. Multi-method evaluation and quality assessment

Finally, the evaluation stage assesses summary quality using both automated metrics and human
judgment. The summaries that are generated are evaluated against reference summaries produced
by a large language foundation model that serves as a high-quality benchmark. The summaries
generated in this study are evaluated against reference summaries produced by the large language
model Gemini 2.5 Flash, which serves as a strong benchmark for high-quality summarization. The
model was selected due to its strong performance on long-form and technical document summarization
tasks. Its large context window enables processing of entire scientific papers without aggressive
truncation or chunking. The reference summaries are generated using stochastic decoding, with the
temperature set to 1.0, top-p (nucleus sampling) set to 0.95, and top-k sampling set to 40. This
configuration enables controlled diversity while maintaining coherence and relevance in summarizing
complex scientific content.

The input to the model consists of the full normalized paper text, constructed by concatenating
section titles and corresponding content. A zero-shot prompting strategy is employed, where the
model is instructed to generate an executive summary of the document without any task-specific
prompt engineering, few-shot examples, or adaptive prompting mechanisms. To ensure consistency
across evaluations, all reference summaries are generated in a single run and cached. This guarantees
that the same set of summaries is used throughout all experiments, avoiding variability during metric
computation despite the stochastic decoding process.

It is important to note that these reference summaries are not treated as absolute ground truth.
Instead, they function as a high-quality comparative baseline, a widely adopted practice in recent
summarization research when large-scale human-authored references are unavailable.

To quantitatively assess the quality of the summaries, multiple evaluation metrics are employed.
ROUGE scores are calculated to measure the overlap of n-grams between the generated summaries and
the reference summaries, providing an indication of content similarity. Additionally, the BERTScore is
computed, leveraging contextual embeddings to capture semantic similarity beyond surface-level word
overlap [15]. Beyond comparison with references, coverage rates are also measured to determine how
much of the original content from the normalized papers is captured by the summaries. Finally, human
evaluation was conducted to assess summary readability, coherence, and factual alignment with the
source document.

4. Experimental setup

4.1. Dataset description

The dataset contains 100 IEEE research papers in Computer Science, selected to reflect long,
information-dense technical writing suitable for abstractive summarization. Each paper includes
standard sections such as the abstract, introduction, methods, results, and conclusion. They also contain
domain-specific terms, formulas, figures, tables, and references. This dataset is designed to test small
LLMs (around 3 billion parameters) on their ability to maintain factual accuracy, technical coherence,
and overall robustness.

Although the dataset is restricted to computer science research papers, it was carefully curated to
capture substantial diversity in content and structure. The selected papers span multiple subdomains,
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including artificial intelligence, systems, data science, and theoretical computing. Furthermore, the
dataset includes a mix of mathematically intensive papers with formal notation, conceptually dense
theoretical works, and application-oriented studies with descriptive narratives. Document lengths also
varied significantly (mean: 3922 tokens + 2454) as shown in Table 1, ensuring evaluation across both

short and long documents. o
Table 1. Dataset statistics.

Metric Value

Total tokens (all papers) 392,229
Average tokens per paper (mean = SD) 3922 + 2454
Median tokens per paper 2926
Average sections per paper 13.69

The dataset is used as a fixed evaluation benchmark rather than being split into training, validation,
and test sets, as the proposed framework operates entirely at inference time without model fine-tuning.
The selected papers were curated to ensure diversity, which enables evaluation across a wide spectrum
of summarization challenges.

This intra-domain diversity ensures that the evaluation reflects a range of document complexities,
writing styles, and structural patterns commonly encountered in technical literature. By maintaining
a controlled domain, we isolate the impact of sparse input activation and adaptive prompting without
confounding effects from domain shift.

However, we acknowledge that broader cross-domain validation (e.g., biomedical, legal, or
interdisciplinary corpora) would further strengthen generalizability. We identify this as an important
direction for future work.

4.2. Evaluation metrics

Our framework uses a comprehensive evaluation suite with four metrics (see Table 2) to check the
reliability, accuracy, and completeness of the summaries generated by lightweight LLMs. First, we use
ROUGE to measure lexical overlap, showing how well words, short phrases, and sentence structure
match references. We use ROUGE-1 recall, the unigram (N = 1) instance of the ROUGE-N family,
which quantifies the proportion of reference unigrams retained in the generated summary. Formally, it
is defined as

ROUGE-1 Recall Number of overlapping unigrams

Total number of unigrams in the reference summary

Since it operates on token overlap, this metric primarily captures lexical and syntactic similarity rather

than deeper semantic equivalence.
Table 2. Evaluation metrics.

No. Evaluation Metrics Description Formulas
tch(n-

1  ROUGE Score Surface-level lexical overlap ROUGE-N,¢cq = 2 match(n-grams)

> reference(n-grams)

1 N

2 BERTScore Semantic similarity BERTScore = N Z max co{@(x;), p(y;))

=1’

Number of key fact s d

3 Coverage Rate Completeness Coverage = Tt 0 Ey acs proservec T Summary

Number of key facts extracted from source
Coverage

result % 100

4 Coverage Ratio (%) Relative completeness w.r.t. reference summary Coverage Ratio(%) = —————
Coveragerﬁﬂ-‘nﬂm‘e
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Within established taxonomies of string similarity measures [18], ROUGE-1 recall is a token-
level n-gram metric that captures lexical overlap rather than semantic equivalence. To go beyond
surface overlap, we additionally evaluated summaries using semantic and content-oriented metrics,
including BERTScore, soft recall, coverage ratio, and human evaluation. Soft recall is based on soft
cardinality, following the formulation of Frénti and Mariescu-Istodor [24]. In our experiments, soft
recall exhibited behavior highly similar to embedding-based evaluation metrics such as BERTScore,
with limited additional discriminative power across summaries. Given this redundancy, we retain the
BERTScore as the primary semantic evaluation metric. The BERTScore measures the true semantic
similarity between the generated summary and the reference, ensuring the meaning is preserved even
with different wordings. The coverage ratio measures how many key facts and important data points
from the source are included, ensuring the summary is complete.

We note that reference summaries in our evaluation are generated using a large language foundation
model rather than human-written gold summaries. While this enables scalable and consistent
benchmarking across a large dataset, it may introduce stylistic bias. To mitigate this limitation,
we complement automated evaluation with human assessment focusing on factual grounding,
completeness, and coherence. The inclusion of human evaluation ensures that improvements are
aligned with human judgment rather than solely with model-generated reference patterns.

Human evaluation was conducted by three graduate-level annotators with experience in reading
and analyzing technical research papers, ensuring informed judgment of content quality. To ensure a
structured and consistent evaluation process, each generated summary was assessed using a predefined
rubric across four dimensions: (1) factual accuracy, (2) coverage of key contributions, (3) coherence,
and (4) readability as detailed in Table 3. Each dimension was scored on a 0-25 scale, resulting in a
total score on a 0—100 scale for each summary.

Table 3. Human evaluation rubric.

Rubric Description

Factual Accuracy Correctness and faithfulness to the source document
Coverage Extent to which key contributions and findings are included
Coherence Logical flow and organization of ideas

Readability Clarity and ease of understanding

The final human evaluation score for each summary was computed by averaging the total scores
across all annotators. To minimize bias, summaries from different methods were anonymized and
presented in randomized order, ensuring that annotators were not aware of the underlying generation
approach. While formal inter-rater agreement metrics such as Krippendorft’s alpha were not computed,
we observed consistent scoring trends across annotators. The reported scores reflect the averaged
consensus across evaluators. This human-centered evaluation serves as an essential validation layer,
ensuring that improvements observed in automated metrics reflect genuine gains in factual accuracy
and interpretability rather than alignment with LLM-generated reference styles.

4.3. Baseline configuration

To ensure a fair and controlled comparison, we define a baseline summarization pipeline
using the same lightweight LLLM architecture (HuggingFaceTB/SmolLM3-3B) and identical hardware
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configuration (4-bit quantization via BitsAndBytes) as the proposed system. The baseline differs only
in the absence of sparse input activation (SIA) and adaptive prompt optimization.

In the baseline setup, the normalized document text is directly provided to the LLM using a standard
summarization prompt without structured context injection, chain-of-thought reasoning, or salience-
based filtering. No sentence ranking, keyphrase extraction, or selective activation mechanisms are
applied.

This configuration allows us to isolate the impact of (1) sparse input activation and (2) adaptive
prompt optimization by keeping the model architecture, dataset, and evaluation framework constant.
All evaluation metrics, including ROUGE, BERTScore, the coverage ratio, and human evaluation, are
computed identically for both the baseline and the proposed methods.

4.4. Implementation

The hybrid summarization framework was implemented entirely in Python, leveraging Google
Colab for collaborative development and resource management, including data storage on Google
Drive.

The system begins by transforming raw PDF papers into a structured, machine-readable format
using the SciPDF library. This library accurately parses multi-column layouts, figures, and other
complex academic formatting, producing JSON objects that preserve the hierarchical structure of
sections and text. Following this, a rigorous cleaning and normalization stage is applied using Python’s
native regular expressions. The final set of K sentences, typically around 30% of the document (with a
minimum of 20), forms the sparse input activation pool. These sentences are then passed through
BERTSum [22], a pre-trained transformer-based extractive summarization model, which performs
context-aware sentence scoring and refinement. Unlike earlier stages that rely on statistical importance
(TF-IDF, TextRank) and diversity optimization (MMR), BERTSum [22] leverages deep contextual
embeddings to model inter-sentence relationships and semantic coherence.

In our framework, BERTSum is used as a refinement layer rather than as a standalone summarizer.
It re-evaluates the candidate sentence pool generated by TextRank and MMR, assigning contextual
importance scores and selecting sentences that best represent the document’s core ideas. This
additional contextual filtering step improves the quality of the sparse input activation pool by
prioritizing semantically meaningful and globally coherent content.

After preparing the salient content, the system orchestrates the generation of final summaries using
a lightweight locally deployed LLM, HuggingFaceTB/SmolLM3-3B, loaded with 4-bit quantization
via the BitsAndBytes library to efficiently utilize GPU resources. The same base LLM and hardware
configuration were used across all experimental conditions to ensure comparability. For each paper,
the system aggregates the normalized abstract, conclusion, BERTSum [22] outputs, and keyphrases
extracted in the previous stage. The orchestration loop iterates over all normalized papers, ensuring that
even smaller LLLMs, when provided with preprocessed, sparsely activated, and contextually enriched
input, can produce reliable executive summaries suitable for technical and academic documents.

4.5. Evaluation protocol

All experiments were conducted under a fixed evaluation protocol. Prompt templates and
preprocessing parameters were defined prior to full-scale evaluation and were not iteratively tuned
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on individual documents within the benchmark dataset. This ensures that results are not influenced by
document-specific optimization and avoids data leakage.
The framework operates deterministically with fixed prompts and preprocessing steps, and therefore
does not rely on stochastic training procedures. As a result, variability across runs is minimal.
Performance metrics were reported as averages across all documents, and we additionally analyzed
per-document trends to confirm that improvements were consistent rather than driven by a small subset
of samples.

5. Results
5.1. Performance evaluation

Our evaluation demonstrates that adaptive prompting combined with sparse input activation (SIA)
consistently outperforms the baseline summarization approach across all major evaluation metrics.

All reported results represent averages across the dataset. In addition, we observe low variance
between documents, indicating stable performance gains. Improvements are consistent across the
majority of samples, as shown in the document-level analysis.

On average, our method improves ROUGE-1 recall from approximately 32% in the baseline to 46%,
representing a relative gain of over 44%, indicating substantially better retention of salient content
from the source documents (as shown in Figure 4). This improvement is consistent across individual
documents, as shown by positive per-document ROUGE gains in nearly all cases (Figure 5).

100 Average Evaluation Metrics: Proposed Method vs Baseline

I Proposed Method
W Baseline

80 1

Average Score

all LcioN 10N e
ROUGE R BERT prec® et eval®” coverd®® e
Hu

Figure 4. Average metric comparison.

Document-Level Improvements: Proposed Method vs Baseline

A
/\ N
30 1 3 M~/ . 1
\. a\_-——-!-—_ -7\, ’ /h\l——k -
o \ :
£
o
%]
©
o
|
°
7}
w
o
Q
9]
a
—20 1 \ I —e— ROUGE Gain
x/ ~#~ Human Score Gain
-30 —# - Coverage Rate Gain

1 2 3 4 5 6 7 8 9 10
Document

Figure 5. Document-level gains.

Applied Computing and Intelligence Volume 6, Issue 1, 58—78.



71

Information preservation improves even more significantly. The average coverage ratio (normalized
against the reference summary) increases from 39% in the baseline to approximately 60%, representing
a 53% relative improvement (Figure 4). Coverage trends closely follow those of the reference
summaries, while baseline summaries frequently omit essential technical details (Figure 6). Per-
document coverage analysis further confirms that the proposed method maintains stable gains across
diverse documents, rather than improving only a small subset (Figure 6).
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Figure 6. Document-level coverage comparison.

Human evaluation scores show the largest absolute improvement. Baseline summaries receive an
average human score of 66%, whereas the proposed approach achieves an average human scores
of 91%, yielding an approximate improvement of 25 percentage points (Figure 4). This indicates
that summaries produced with adaptive prompting and SIA are not only more complete, but also more
readable, coherent, and aligned with human expectations.

Despite these gains, semantic similarity remains stable. BERTScore F1 values stay consistently
high across all configurations (85% to 87%), showing that improvements in coverage and recall do not
come at the expense of semantic correctness (Figure 7). This stability confirms that the observed gains
are driven by better content selection and guidance rather than semantic drift.
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Figure 7. Gaussian-smoothed BERTScore trends.
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To further evaluate factual consistency, we employ AlignScore, a reference-free evaluation metric
that measures semantic alignment between source documents and generated summaries.

The proposed method achieves a higher AlignScore (0.8671 + 0.0574) compared to the baseline
(0.7827), corresponding to an absolute improvement of 0.0844. This indicates that summaries
generated using sparse input activation exhibit stronger alignment with the source content.

The improvement is consistent across documents, suggesting that the proposed approach enhances
factual grounding rather than relying on isolated gains. These results complement human evaluation
findings and provide additional evidence that the method improves factual consistency while
maintaining coherence and readability.

Overall, these results show that careful input activation and prompt optimization allow lightweight
LLMs to approach the behavior of much larger models, achieving meaningful improvements in
accuracy, completeness, and reliability without increasing model size or computational cost.

5.2. Ablation study and baseline comparisons

To ensure rigorous evaluation, we design a set of controlled baselines that isolate the contribution
of each component in the proposed framework. These include direct summarization with a standard
prompt, sparse input activation (SIA) without prompt optimization, and multiple prompt-only
configurations. This setup enables a fair comparison under identical model, dataset, and hardware
conditions, allowing us to attribute performance gains specifically to input activation and prompting
strategies.

This ablation study evaluates the contribution of each pipeline component using both an automated
lexical metric and human-centered evaluation (see Table 4). Lexical coverage is measured using
ROUGE-1 recall, the unigram (N = 1) instance of the ROUGE-N family. In the remainder of this
section, we refer to ROUGE-1 recall simply as recall. The recall scores indicate that the proposed
method preserves a larger proportion of reference content compared to the baselines. Higher recall
reflects improved coverage of key information from the source text. However, because recall measures
token-level overlap, it does not fully account for paraphrasing or semantic reformulation.

Table 4. Ablation study and baseline comparison across SIA and prompting configurations.

Configuration ROUGE-1 (%) Human Score (%)
Baseline (Direct summarization) 32.0 66.5
SIA only (Sparse input activation) 43.0 82.7
Adaptive prompting only (Chain-of-thought prompting)  48.0 85.3
Adaptive prompting only (Instruction-tuned prompting)  46.5 82.5
Adaptive prompting only (Context injection + reasoning) 40.0 74.6
Proposed approach (SIA + CoT + context injection) 46.0 90.9

In addition to lexical coverage, we conduct human evaluation to assess semantic faithfulness,
factual consistency, and overall readability. While recall estimates the extent to which reference
content is preserved at the token level, the human score reflects qualitative semantic alignment and
interpretability. These measures therefore capture complementary aspects of summarization quality
rather than directly corresponding to classical precision and recall in information retrieval.

The baseline system achieves an average recall of 32%, reflecting limited overlap with reference
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summaries. Introducing sparse input activation (SIA) alone yields a meaningful improvement,
increasing average recall to 43%, indicating improved factual grounding and expanded token coverage
compared to the baseline.

Adaptive prompting plays a dominant role in lexical retention. Among the prompt variants, the
instruction tuning prompting strategy (Strategy 1) achieves an average recall of approximately 46.5%,
demonstrating strong retention of salient tokens through structured task guidance. In contrast, the
context injection and reasoning tuned prompting strategy (Strategy 2) achieves an average recall of
approximately 40%, showing occasional strong peaks but weaker overall stability. When adaptive
prompting is applied in its strongest standalone configuration, average recall increases further to
approximately 48%, representing the highest lexical overlap observed among individual components.

The proposed pipeline reported in Section 5.1, which integrates chain-of-thought reasoning, context
injection, and sparse input activation, achieves an average recall of approximately 46% while producing
the highest human evaluation scores. Although adaptive prompting alone achieves the highest
ROUGE-1 recall, the integration of sparse input activation prioritizes factual grounding and reduces
redundant token overlap, leading to a slight decrease in lexical overlap while significantly improving
qualitative human evaluation.

These results confirm that ROUGE improvements are driven primarily by adaptive prompting
mechanisms, while STA enhances factual grounding and contributes to improved qualitative alignment
when incorporated within the structured prompting framework rather than functioning as a stand-alone
enhancement.

An important observation from the ablation results is the divergence between lexical and human
evaluation metrics. One of the prompt-only configurations achieved the highest ROUGE-1 recall,
indicating strong token-level alignment with reference summaries. However, the full proposed method
(SIA + adaptive prompting) achieved the highest human evaluation scores.

This behavior reflects a trade-off between lexical overlap and semantic quality. One of the prompt-
only approaches tend to preserve more surface-level phrasing, which benefits ROUGE scores. In
contrast, sparse input activation reduces redundancy and filters less relevant content, encouraging the
model to produce more abstract, concise, and semantically coherent summaries.

As a result, the proposed method may slightly reduce n-gram overlap while improving factual
grounding, readability, and overall interpretability. This suggests that ROUGE alone does not fully
capture summarization quality, particularly for technical documents where abstraction and synthesis
are important.

We note that extractive methods such as TextRank and BERTSum, while effective at identifying
salient content, produce fragmented outputs that lack coherence and abstraction. In our framework,
these methods are used as intermediate components within sparse input activation, and their standalone
limitations highlight the necessity of LLM-based synthesis for high-quality summarization.

5.3. Error analysis

Although the proposed framework did not exhibit catastrophic hallucinations or complete failure
cases during the evaluation, an in-depth inspection reveals several systematic trade-offs and boundary
behaviors.

Sparse input activation (SIA) improves contextual efficiency by selecting salient sentences prior
to summarization. However, this filtering stage may occasionally suppress low-frequency yet
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conceptually important details. In documents where key contributions are distributed across multiple
sections rather than concentrated in abstracts or conclusions, aggressive salience selection can lead
to partial omission of nuanced findings. While such omissions did not significantly affect overall
summarization, they reduced the fine-grained technical specificity in a few highly detailed papers.

The ablation study results indicate that the full pipeline achieves slightly lower ROUGE-1 recall
compared to prompt-only configurations. This suggests that the proposed approach prioritizes semantic
coherence and abstraction over lexical overlap. In several cases, summaries rephrased technical claims
in more generalized language, improving readability but reducing n-gram alignment with the reference
summary. This divergence reflects a metric-level trade-off rather than a semantic error. In addition, the
ablation study highlights moderate prompt sensitivity. Variations in prompt structure and context-
injection strategies led to noticeable differences in lexical retention and coverage, indicating that
lightweight LLM performance remains partially dependent on inference-time prompt formulation.
While the integrated pipeline stabilizes this effect, prompting continues to influence summarization
quality.

In multi-layered technical sections containing detailed experimental pipelines or multi-step logical
reasoning, the model occasionally compressed extended arguments into higher-level generalizations.
Although the resulting summaries remained factually consistent, explanatory depth was reduced in
comparison to the source.

During the evaluation study, no clear instances of fabricated facts or externally introduced
content were identified. Instead, the observed limitations primarily involved selective omissions and
abstraction-level compression of factual details, which represent controlled and acceptable trade-off's
inherent to abstractive summarization.

6. Discussions and limitations

This work demonstrates that the summarization performance of lightweight large language models
can be substantially improved through intelligent input structuring rather than increased model
capacity. By integrating NLP-based preprocessing, sparse input activation (SIA), and adaptive prompt
optimization, the proposed framework enables small-scale models to generate accurate, focused, and
reliable summaries of long and technically dense research papers.

A key contribution of this project is the shift from a model-centric to an input-centric approach.
Instead of exposing the LLM to the full document, the system selectively activates high-value content
by extracting salient sentences and domain-relevant keyphrases after rigorous normalization. This
allows the model to concentrate its limited representational capacity on the most informative segments
of the text. From a high level, SIA can be viewed as an externalized attention mechanism that shifts part
of the reasoning burden from the model to the input construction process, enabling lightweight LLMs
to approximate behaviors typically associated with larger models. The adaptive prompt further guides
reasoning by enforcing factual grounding and structured synthesis, reducing off-topic generation and
hallucinations.

Our results confirm the effectiveness of this design. Compared to a baseline summarization pipeline,
the adaptive prompting + SIA approach yields consistent improvements in ROUGE-1 recall, coverage
rate, and human evaluation scores, while maintaining stable semantic similarity as measured by
BERTScore. The coverage analysis shows that the proposed method retains a substantially larger
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portion of key information, often closely tracking reference summaries produced by large models.
These results indicate that targeted preprocessing and prompt engineering can close a substantial
portion of the performance gap between lightweight and large-scale LL.Ms without additional training
or architectural changes.

A key insight from this study is that optimizing for lexical overlap does not necessarily lead to
better summarization quality. The combination of sparse input activation and adaptive prompting shifts
the model toward semantic fidelity and structured abstraction, which aligns more closely with human
expectations despite modest reductions in token-level metrics.

The framework is effective for technical and academic documents, where important information
is distributed across structured sections such as abstracts, methods, and conclusions. By combining
extracted salient sentences with keyphrases and section-aware prompts, the model produces coherent
executive summaries that preserve core contributions and findings. The ability to run both locally and
via APIs also makes the system practical for environments with constraints on cost, latency, or data
privacy.

However, the approach has limitations. The quality of the final summary depends heavily on the
accuracy of the preprocessing and sentence selection stages. Errors or omissions during sparse input
activation can lead to incomplete summaries, even if the generated text remains fluent. Additionally,
aggressive filtering can remove subtle contextual cues that are important for nuanced interpretation.
The system is also evaluated primarily on computer science research papers, and its effectiveness in
other technical domains remains to be validated. Finally, prompt templates and activation thresholds
were designed manually, which may limit adaptability across diverse datasets.

Another limitation lies in the use of LLM-generated reference summaries for automated evaluation.
While this enables scalable benchmarking, it may introduce bias toward model-specific summarization
styles. However, this risk is mitigated through human evaluation, which confirms that the proposed
method improves factual grounding and overall summary quality. Future work will incorporate human-
written reference summaries and benchmark datasets to further strengthen evaluation robustness.

Another limitation of the current study is the relatively moderate dataset size (100 documents),
which serves as a controlled benchmark rather than a large-scale corpus. However, the diversity
of document types and the consistency of observed improvements provide confidence in the
generalizability of the results.

Future work can address these limitations by introducing adaptive sentence selection strategies that
respond to document length and structure, as well as by incorporating section-aware or retrieval-based
weighting to improve coverage. Automating prompt optimization and extending the framework to
other domains, such as biomedical or legal text, are promising directions. Overall, this project shows
that with carefully designed input activation and prompting, lightweight LLLMs can deliver reliable and
high-quality summarization, making them viable for real-world deployment under practical constraints.

7. Conclusions

This project shows empirical evidence that sparse input activation and adaptive prompt optimization
can significantly improve the summarization capabilities of lightweight LLMs, enabling them to
handle complex scientific documents far more effectively within our evaluation setting. Rather than

relying on model scale or heavy computation, our method strengthens how small models interpret and
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prioritize information. The results indicate substantial gains in accuracy, focus, and factual consistency,
showing that effective preprocessing and prompting strategies can close much of the performance gap
between lightweight and large-scale models. In conclusion, this work shows that strong research-
paper summarization does not require huge models or expensive hardware. With the right techniques,
small LL.Ms can stay accurate, focused, and reliable, making Al summarization easier to use and more
practical for everyday environments.
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