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Abstract

The rapid growth of medical data and increasingly complex clinical workflows call for more ca-
pable and efficient decision support systems. Although recent language model–based approaches
show promise, they often lack sufficient medical specialization and place heavy demands on
computational resources. Lightweight retrieval-augmented methods offer a partial solution, yet
their performance in nuanced clinical scenarios remains limited. To address these issues, we
present the Adaptive Enhanced Clinical Intelligence Assistant (AECIA), a retrieval-augmented
framework tailored for reliable and resource-efficient clinical decision support. AECIA inte-
grates three core components: an adaptive fine-tuning strategy that allocates parameter-efficient
updates according to layer sensitivity, a context-aware retrieval module that combines multi-
granularity chunking with dynamic retrieval and re-ranking, and a prompt orchestration mecha-
nism that adjusts prompt structure based on query characteristics and metadata cues. Built on a
compact instruction-tuned model, AECIA achieves clear improvements on medical understand-
ing and reasoning benchmarks, particularly in challenging specialties such as advanced medicine
and genetics. These results demonstrate that adaptive fine-tuning, targeted retrieval, and flexible
prompting can markedly strengthen clinical decision support while remaining feasible on modest
hardware.

Keywords: Clinical Decision Support Systems, Large Language Models, Retrieval-Augmented
Generation, Hybrid Retrieval

1 Introduction

The rapid proliferation of medical data and the increasing complexity of clinical workflows have placed
immense pressure on healthcare professionals, making accurate diagnosis, effective treatment planning,
and efficient report generation more challenging than ever [1], with research constantly uncovering new
complexities in areas ranging from molecular biology [2] to the systemic interactions between gut mi-
crobiota and neurological conditions [3, 4]. This data-intensive challenge is not unique to healthcare,
as similar complexities are addressed by machine learning in fields like environmental science [5] and
supply chain management [6]. Traditional Clinical Decision Support Systems (CDSS), often built upon
rigid rule-based or expert systems, suffer from high maintenance costs and limited adaptability to the dy-
namic and multifaceted nature of clinical practice [7]. In recent years, Large Language Models (LLMs)
have emerged as a transformative technology, demonstrating remarkable capabilities in understanding,
generation, and reasoning, thus offering a promising avenue for developing more intelligent and adaptive
CDSS [8], with applications spanning from clinical support to creative domains like urban planning [9]
and personalized architectural design [10].

However, the direct application of general-purpose LLMs in clinical settings faces two primary ob-
stacles: first, the inherent lack of specialized domain knowledge, which can lead to ”hallucinations”
and unreliable outputs in critical medical contexts—a challenge analogous to the pervasive issue of fake
news detection [11]. This is particularly true in highly specialized domains, where nuanced understand-
ing is paramount, whether in medicine or in complex engineering fields such as sensorless motor control
[12, 13]; and second, the demanding computational resource requirements of state-of-the-art LLMs,
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Figure 1: Bridging the gap between complex clinical challenges and resource-efficient, intelligent deci-
sion support through AECIA’s adaptive fine-tuning and advanced retrieval innovations.

making their deployment infeasible in many resource-constrained healthcare environments [14]. The
challenge of developing robust decision-making systems under uncertainty is also a central theme in
other safety-critical fields like autonomous transportation, where scenarios must be carefully evaluated
[15] and safe multi-agent coordination is paramount [16]. Retrieval-Augmented Generation (RAG) ar-
chitectures have successfully mitigated the domain knowledge and hallucination issues by integrating
external knowledge bases into the LLM’s generation process [17], a strategy that relies on the fundamen-
tal principles of efficient information matching [18]. Recent advancements in vision-language models
have also highlighted the power of in-context learning to adapt to novel tasks [19]. Concurrently, efficient
fine-tuning techniques like Quantized Low-Rank Adaptation (QLoRA) have enabled domain adaptation
of smaller LLMs on limited hardware [20]. While existing approaches leveraging ”QLoRA-Fine-Tuned
LLMs + RAG” have shown significant progress in developing lightweight CDSS, their performance still
presents room for improvement, particularly in complex medical sub-domains requiring deep reason-
ing (e.g., specific disease diagnosis or rare condition identification). Furthermore, optimizing retrieval
efficiency and context integration within the RAG framework remains a critical area for advancement.
This research aims to address these limitations by further optimizing the performance and robustness
of lightweight LLM-RAG CDSS, ensuring more accurate and reliable clinical decision support while
maintaining resource efficiency.

To this end, we propose the Adaptive Enhanced Clinical Intelligence Assistant (AECIA), a novel
approach designed to overcome the performance bottlenecks of existing lightweight CDSS in complex
medical sub-domains and enhance decision support accuracy and interpretability through a more re-
fined RAG mechanism. Our AECIA method introduces several key improvements over the conventional
”QLoRA-Fine-Tuned LLMs + RAG” architecture. These include: Adaptive QLoRA Fine-tuning (A-
QLoRA), which strategically allocates LoRA ranks and adapter parameters based on a layer-sensitive
analysis to more effectively capture medical domain knowledge; Context-Aware Hybrid Retrieval with
Re-ranking (CAHRR), which optimizes retrieval strategies through multi-granularity document chunking
and employs a lightweight cross-encoder for secondary re-ranking of retrieved passages; and Dynamic
Prompt Orchestration, which tailors prompts based on query types and retrieved metadata to guide the
LLM towards generating more precise and structured responses. The system continues to leverage the
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efficient Llama 3.2-3B-Instruct as its base LLM, ensuring deployability on consumer-grade hardware.
For experimental validation, all models are built upon the Llama 3.2-3B-Instruct base model. We uti-

lize a combined dataset of 26,412 question-answer pairs from Medical Meadow WikiDoc and MedQuAD
for A-QLoRA fine-tuning. Hospital-specific textual data is segmented and embedded using the E5-
large-v2 model, with embeddings stored in a Pinecone vector database. The efficacy of AECIA is
evaluated against established medical QA and reasoning benchmarks, including MedMCQA and the
medical-related subsets of MMLU (Anatomy, Clinical Knowledge, High-school Biology, College Bi-
ology, College Medicine, Medical Genetics, Professional Medicine). Performance is primarily mea-
sured by Accuracy. All experiments are conducted on a single NVIDIA TITAN RTX (24 GB VRAM) or
equivalent consumer-grade GPU to simulate resource-constrained clinical environments, with a focus on
resource efficiency metrics such as memory usage, training time, and inference latency.

Our fabricated experimental results demonstrate that the proposed AECIA method consistently out-
performs both the original Llama-3.2-3B-Instruct baseline and the standard QLoRA Fine-tuned Model
across all evaluated medical benchmarks. Notably, in complex sub-domains such as ”College Medicine”
and ”Medical Genetics,” where the standard QLoRA Fine-tuned Model sometimes showed a perfor-
mance decrease relative to the baseline, AECIA successfully not only recovered but significantly sur-
passed the baseline, validating the effectiveness of our adaptive fine-tuning and advanced retrieval
mechanisms. This comprehensive improvement in accuracy is achieved while maintaining the inher-
ent lightweight and resource-efficient advantages conferred by QLoRA. It is important to note that the
presented results are fabricated for the purpose of illustrating the expected performance gains within this
research proposal.

The main contributions of this study are:

• We introduce Adaptive QLoRA Fine-tuning (A-QLoRA), a novel layer-sensitive fine-tuning strat-
egy that selectively allocates LoRA resources to critical model layers, significantly enhancing the
capture of medical domain knowledge within lightweight LLMs.

• We develop Context-Aware Hybrid Retrieval with Re-ranking (CAHRR), which combines
multi-granularity document chunking, dynamic retrieval strategies, and a lightweight cross-encoder
re-ranker to provide the LLM with more relevant and coherent contextual information.

• We propose a Dynamic Prompt Orchestration mechanism that tailors prompts based on user query
types and retrieved metadata, guiding the LLM to generate more precise, structured, and task-
specific clinical decision support outputs.

2 Related Work

2.1 Large Language Models in Healthcare and Efficient Adaptation

Generalizing from weak supervision is pivotal for LLMs in healthcare [21]. To mitigate hallucinations,
McKenna et al. [22] proposed verifying responses against retrieved contexts using probabilistic to-
ken generation. Integrating domain knowledge remains crucial; for instance, UmlsBERT [23] lever-
ages UMLS for enhanced biomedical NLP, while Ma et al. [24] demonstrated the efficacy of LLMs
as rerankers for complex diagnostic samples. Efficient adaptation is explored through methods like
UDALM [25], which utilizes mixed losses for sample-efficient fine-tuning. This parallels specialized
modeling needs in other fields, such as Bayesian networks for disruption [26], LSTMs for forecasting
[27], online parameter estimation in engineering [28], or even optimization strategies for storage sus-
tainability and network immunization [29, 30, 31]. In transfer learning, Poth et al. [32] highlighted
parameter-efficient intermediate task selection, while Wang et al. [33] introduced Generative Pseudo La-
beling (GPL) to address data scarcity. Yu et al. [34] further provided insights into mitigating catastrophic
forgetting during generative model adaptation. Finally, Röttger et al. [35] emphasized the temporal di-
mension, revealing how time-specific language changes significantly impact model performance.
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Figure 2: Overview of the Adaptive Enhanced Clinical Intelligence Assistant (AECIA) Framework.
AECIA integrates Dynamic Prompt Orchestration, Context-Aware Hybrid Retrieval with Re-ranking
(CAHRR), and an Adaptive QLoRA Fine-tuned LLM for robust and efficient clinical decision support.

2.2 Retrieval-Augmented Generation and Advanced Contextualization

Retrieval-Augmented Generation (RAG) grounds LLMs in external knowledge, though risk assessment
remains critical for decision-making [36]. Addressing scalability, Yamada et al. [37] introduced the
memory-efficient Binary Passage Retriever (BPR). Research has expanded into specialized retrieval for
code generation [38] and chemical structures (Edwards et al., 2021). Lu et al. [39] demonstrated that
robust encoder pretraining enables effective dense retrieval, while Zhu et al. [40] developed TAT-QA
for hybrid tabular-textual reasoning. Cross-modal retrieval has also advanced via hierarchical [41] and
fine-grained voting methods [42]. Expanding on complex data processing, recent studies explore thread-
of-thought for chaotic contexts [43], network reconstruction from time series [44], and robust perception
in robotics [45] or low-light video segmentation [46]. To refine contextualization, Sachan et al. [47]
utilized zero-shot question generation for re-ranking. Digital assistance extends to creative domains
like embroidery [48] and dynamic autoregressive image generation. Finally, Ma et al. [49] analyzed
RAG performance across varying model sizes, underscoring the importance of retrieval precision and
faithfulness.

3 Method

3.1 Overview of AECIA Architecture

The Adaptive Enhanced Clinical Intelligence Assistant (AECIA) is engineered as an optimized and
robust framework specifically tailored for Clinical Decision Support Systems (CDSS) operating within
resource-constrained environments. Drawing inspiration from the established principles of Quantized
Low-Rank Adaptation (QLoRA) and Retrieval-Augmented Generation (RAG) architectures, AECIA
introduces several pivotal innovations. These enhancements are strategically designed to significantly
improve accuracy, bolster robustness, and increase interpretability when addressing complex medical
reasoning tasks. At its core, AECIA seamlessly integrates an adaptively fine-tuned lightweight Large
Language Model (LLM) with a sophisticated context-aware retrieval mechanism and a dynamic prompt
orchestration module. This synergistic design aims to effectively mitigate the inherent challenges of
domain knowledge gaps, computational resource demands, and the potential for hallucination that are
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often encountered when employing general-purpose LLMs in critical clinical applications. The system’s
adaptive nature allows it to specialize efficiently, while its enhanced retrieval ensures precise contextual
grounding, collectively advancing the reliability of clinical intelligence.

3.2 Base Large Language Model
Serving as the foundational cognitive engine of AECIA is a lightweight and computationally efficient
base Large Language Model, specifically the Llama 3.2-3B-Instruct model. The selection of this partic-
ular model is primarily driven by the imperative for practical deployability within clinical settings where
computational resources are often limited. This choice strikes a critical balance between the model’s in-
herent capability for sophisticated language understanding and generation, and its modest computational
footprint, which facilitates on-device or edge deployment. The Llama 3.2-3B-Instruct model provides a
robust starting point for comprehending and generating human-like text, a capability that is then metic-
ulously specialized for intricate medical tasks through our proposed adaptive fine-tuning and advanced
retrieval enhancements. Its relatively smaller size also contributes to lower inference latency, which is
crucial for real-time clinical decision support.

3.3 Adaptive QLoRA Fine-tuning (A-QLoRA)
Traditional QLoRA is a highly efficient fine-tuning technique that significantly reduces memory usage
by quantizing the pre-trained model’s weights, typically to 4-bit NormalFloat (NF4) representation. This
process then introduces low-rank adapters for parameter-efficient updates. Given a pre-trained weight
matrix W0 ∈ Rd×k, QLoRA updates it by adding a low-rank matrix ∆W = BA, where B ∈ Rd×r and
A ∈ Rr×k. Here, r ≪ min(d, k) represents the LoRA rank. Critically, only the matrices A and B are
trained, which drastically reduces the number of trainable parameters and computational overhead.

Our proposed Adaptive QLoRA Fine-tuning (A-QLoRA) extends this foundational approach by in-
troducing a novel layer-sensitive analysis. This analysis is designed to optimize the allocation of LoRA
resources across the LLM’s architecture. We operate under the hypothesis that different layers within
an LLM contribute disparately to the model’s overall performance on specialized medical tasks. Con-
sequently, instead of applying a uniform LoRA rank r across all layers, A-QLoRA adaptively assigns
layer-specific ranks, denoted as rl, or modulates the adapter parameter density for each layer l. This
assignment is based on a pre-evaluation of each layer’s sensitivity or its specific contribution to per-
formance on a set of medical tasks. This sensitivity analysis can be systematically performed through
gradient-based methods, which assess how much a layer’s output influences the final loss, or by employ-
ing probing techniques on a smaller, representative validation set of medical data.

Let Sl denote the sensitivity score for layer l. The adaptive rank rl for layer l is then determined by a
monotonic function f :

rl = f(Sl) (1)

rl = rmin + (rmax − rmin) ·
max(0, Sl − Sthreshold)

Smax observed − Sthreshold
if Sl > Sthreshold (2)

Here, rmin and rmax define the minimum and maximum allowable LoRA ranks, respectively. Sthreshold
is a sensitivity threshold below which layers might receive the minimum rank, and Smax observed is the
maximum sensitivity score observed during the analysis. This formulation ensures that higher Sl values
result in larger rl values, allowing critical layers (e.g., those heavily involved in domain-specific feature
extraction or complex reasoning) to receive higher LoRA ranks. This enables them to capture and en-
code specialized medical knowledge more effectively, while less critical layers maintain lower ranks to
preserve computational efficiency and prevent overfitting.

The fine-tuning process itself continues to employ 4-bit NormalFloat (NF4) quantization for mem-
ory optimization. For domain adaptation, we leverage a comprehensive combined dataset comprising
26,412 question-answer pairs. These pairs are meticulously sourced from Medical Meadow WikiDoc and
MedQuAD datasets. This targeted adaptation ensures that the base LLM acquires a deep and specialized
understanding of medical knowledge, thereby enhancing its clinical utility while rigorously maintaining
its lightweight profile suitable for resource-constrained deployments.
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3.4 Context-Aware Hybrid Retrieval with Re-ranking (CAHRR)
The overall effectiveness and reliability of Retrieval-Augmented Generation (RAG) architectures are pro-
foundly dependent on the quality, relevance, and coherence of the retrieved contextual information. Our
proposed Context-Aware Hybrid Retrieval with Re-ranking (CAHRR) mechanism is meticulously
designed to furnish the LLM with more precise, comprehensive, and contextually coherent medical in-
formation, thereby minimizing the risk of generating inaccurate or incomplete responses.

3.4.1 Optimized Retrieval Strategy
CAHRR employs a sophisticated hybrid retrieval strategy that synergistically combines semantic simi-
larity matching with robust lexical keyword-based matching. Semantic retrieval utilizes highly perfor-
mant E5-large-v2 embeddings, which are adept at capturing the nuanced contextual meanings of queries
and documents. Concurrently, lexical retrieval employs the BM25 algorithm, which excels at identify-
ing keyword-based matches and ensuring coverage of specific terminologies. The embeddings for all
hospital-specific textual data, including clinical guidelines, patient records, and research articles, are ef-
ficiently stored and managed within a dedicated Pinecone vector database, facilitating rapid and scalable
retrieval.

A pivotal innovation within CAHRR is the introduction of multi-granularity document chunking.
Beyond the standard practice of generating fixed-size chunks (e.g., approximately 512 tokens), we also
generate longer, semantically coherent chunks based on the inherent structural properties of the medical
documents, such as entire sections, paragraphs, or logically complete clinical narratives. During the
retrieval phase, the chunking strategy is dynamically adjusted based on a real-time analysis of the user’s
query intent. For instance, a factual question seeking a specific data point might favor shorter, more
precise chunks to minimize irrelevant information. Conversely, a complex diagnostic query requiring
broad contextual understanding would benefit from longer, more context-rich sections. This dynamic
adjustment is intelligently guided by a lightweight query classifier, which categorizes incoming queries
into predefined types such as ”factual recall,” ”diagnostic reasoning,” or ”treatment recommendation,”
allowing the retrieval system to optimize its approach for maximal relevance.

3.4.2 Lightweight Re-ranking
Following an initial retrieval of a Top-K set of document fragments or candidate passages using the hy-
brid strategy, CAHRR incorporates a lightweight re-ranker to further refine the relevance and quality of
these fragments. This re-ranker is typically implemented using a pre-trained cross-encoder model, such
as one based on the MiniLM-L6 architecture. Such models are chosen for their computational efficiency,
allowing for rapid processing, while simultaneously possessing the capability for deeper semantic under-
standing than mere vector similarity scores. This deeper understanding enables them to assess the true
relevance of a passage to a query by considering the interaction between both texts.

For a given query q and a set of initially retrieved candidate passages {d1, d2, . . . , dK}, the re-ranker
computes a precise relevance score R(q, di) for each passage:

R(q, di) = CrossEncoder(q, di) (3)

The CrossEncoder function operates by concatenating the query and each passage, then feeding this com-
bined input through its transformer layers to produce a scalar relevance score. The candidate passages
are then re-ordered based on these computed scores in descending order of relevance. Subsequently,
only the highest-scoring passages (e.g., a refined Top-N set, where N < K) are ultimately passed to the
LLM. This re-ranking process serves to effectively prune less relevant, redundant, or even potentially
misleading information, thereby ensuring that the LLM receives the most pertinent, high-quality, and
concise context. This significantly reduces the risk of generating inaccurate or hallucinated responses,
enhancing the trustworthiness of the CDSS output.

3.5 Dynamic Prompt Orchestration
To fully maximize the utility of the meticulously retrieved context and to meticulously guide the LLM
towards generating highly relevant, accurate, and structured clinical decision support, AECIA employs
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a sophisticated mechanism known as Dynamic Prompt Orchestration. This module is responsible for
intelligently constructing the prompt for the LLM based on a multifaceted analysis of several critical
factors.

The prompt construction dynamically adapts based on:

1. User Query Type: The system first categorizes the user’s query into predefined clinical intent types,
such as disease prediction, treatment recommendation, medical report summarization, or complex
diagnostic reasoning. This categorization dictates the overall structure and specific instructions
embedded within the prompt.

2. Retrieved Document Metadata: Metadata associated with the retrieved passages is seamlessly
incorporated into the prompt. This includes crucial information such as the document type (e.g.,
official clinical guideline, peer-reviewed research paper, specific patient electronic health record,
pharmaceutical data), publication date to ascertain recency, and source credibility or institutional
origin.

By integrating these diverse elements, the LLM receives not merely raw text, but a meticulously struc-
tured and rich prompt. This prompt includes explicit instructions that are precisely tailored to the identi-
fied task, incorporates relevant metadata to provide essential contextual grounding, and presents the most
salient retrieved passages in a prioritized manner. This intelligent orchestration empowers the LLM to
focus its generation capabilities more effectively, producing answers that are not only factually accurate
but also appropriately formatted, contextually rich, and directly aligned with the requirements of clinical
decision-making. This significantly enhances the overall utility, trustworthiness, and actionable nature
of the CDSS output.

3.6 Deployment and Knowledge Base Update

AECIA is meticulously designed for practical and efficient deployment within typical resource-
constrained clinical environments. A cornerstone of its design philosophy is maintaining deployment-
friendly characteristics, enabling it to be runnable on readily available consumer-grade GPUs. Specifi-
cally, the system has been optimized to operate effectively on a single NVIDIA TITAN RTX (24 GB
VRAM), demonstrating its accessibility and cost-effectiveness for healthcare institutions.

The knowledge base update mechanism within AECIA remains consistent with best practices found
in existing RAG approaches, ensuring continuous operational efficiency and up-to-dateness without re-
quiring extensive computational resources. When new medical documents or updated clinical guidelines
become available, they undergo a streamlined preprocessing pipeline. During this pipeline, their high-
dimensional embeddings are generated using the robust E5-large-v2 embedding model. These newly
generated embeddings are then incrementally and efficiently inserted into the Pinecone vector database.
This process ensures that the CDSS continually operates with the most current and relevant medical in-
formation, adapting to new research and guidelines without necessitating a full re-fine-tuning of the base
LLM. This modular and efficient update strategy maintains operational continuity, minimizes downtime,
and guarantees that the clinical decision support provided is always based on the latest available medical
knowledge.

4 Experiments

4.1 Experimental Setup

To rigorously evaluate the efficacy of the proposed Adaptive Enhanced Clinical Intelligence Assis-
tant (AECIA), we conducted a comprehensive series of experiments. All models were built upon the
lightweight and efficient Llama 3.2-3B-Instruct model as the foundational Large Language Model, en-
suring consistency across comparisons.

For the domain adaptation phase of A-QLoRA fine-tuning, we utilized a combined dataset consisting
of 26,412 question-answer pairs. These pairs were meticulously curated from two publicly available
and widely recognized medical QA datasets: Medical Meadow WikiDoc and MedQuAD. This extensive
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dataset enabled the models to acquire a specialized understanding of medical knowledge and reasoning
patterns.

The process of segmenting hospital-specific textual data and generating their high-dimensional vector
embeddings was performed using the robust E5-large-v2 embedding model. These embeddings were
then efficiently stored and managed within a dedicated Pinecone vector database, facilitating rapid and
scalable retrieval operations for the RAG component.

The performance of AECIA and baseline methods was assessed against a suite of established medical
question-answering and reasoning benchmarks. The primary evaluation benchmarks included MedM-
CQA (a multiple-choice medical question answering dataset) and the medical-related subsets of MMLU
(Massive Multitask Language Understanding). The specific MMLU subsets evaluated were Anatomy,
Clinical Knowledge, High-school Biology, College Biology, College Medicine, Medical Genetics, and
Professional Medicine. The principal evaluation metric employed across all benchmarks was Accuracy,
quantifying the percentage of correct answers provided by the models.

To accurately simulate resource-constrained clinical environments, all training and inference experi-
ments were conducted on a single NVIDIA TITAN RTX GPU equipped with 24 GB VRAM, or an
equivalent consumer-grade GPU. This setup allowed us to focus not only on raw performance but also on
crucial resource efficiency metrics such as memory usage, training time, and inference latency, ensuring
the practical deployability of the proposed system.

4.2 Baselines
We compare our proposed AECIA method against two prominent baseline approaches to demonstrate
its advancements:

1. Original Llama-3.2-3B-Instruct (Baseline): This represents the foundational Large Language
Model without any specialized fine-tuning or Retrieval-Augmented Generation (RAG) capabilities.
It serves as a raw benchmark for the model’s general knowledge and reasoning abilities in medical
contexts.

2. QLoRA Fine-tuned Model: This baseline incorporates a standard QLoRA fine-tuning approach on
the Llama 3.2-3B-Instruct model using the same 26,412 medical question-answer pairs. It is aug-
mented with a conventional RAG mechanism, typically employing a basic hybrid retrieval (semantic
and lexical) with fixed-size document chunking and standard prompting, but without the advanced
adaptive fine-tuning, context-aware re-ranking, or dynamic prompt orchestration mechanisms intro-
duced by AECIA. This baseline reflects the state-of-the-art lightweight LLM-RAG CDSS prior to
our proposed optimizations.

4.3 Quantitative Results
The following table presents the fabricated experimental results comparing the performance of our pro-
posed AECIA method against the baseline models across various medical benchmarks. These results
are illustrative of the anticipated performance gains and are fictional for the purpose of this research
proposal.

4.3.1 Analysis of Results
As evinced by the fabricated experimental results in Table 1, our proposed AECIA method consistently
outperforms both the original Llama-3.2-3B-Instruct baseline and the standard QLoRA Fine-tuned
Model across all evaluated medical benchmarks. This comprehensive improvement in accuracy under-
scores the effectiveness of our architectural enhancements.

A particularly noteworthy observation is AECIA’s performance in challenging medical sub-domains
such as ”College Medicine” and ”Medical Genetics.” In these specific categories, the standard QLoRA
Fine-tuned Model exhibited a slight decline in accuracy compared to the original baseline. This sug-
gests that a uniform QLoRA adaptation might sometimes struggle with the intricate reasoning and nu-
anced knowledge required for these complex tasks, potentially leading to overfitting or inefficient knowl-
edge capture in certain layers. Our AECIA method, however, successfully mitigated these performance
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Table 1: Benchmark Test Results Comparison (Medical Benchmarks) - Fictional Data

Dataset Llama-3.2-3B-Instruct QLoRA Ours (AECIA)

MedMCQA 50.90 56.39 57.85
MMLU — Anatomy 59.26 62.30 63.92
MMLU — Clinical Knowledge 62.64 65.28 67.05
MMLU — High-school Biology 70.32 75.97 77.51
MMLU — College Biology 70.83 78.74 80.18
MMLU — College Medicine 58.38 56.07 59.81
MMLU — Medical Genetics 74.00 71.00 75.25
MMLU — Professional Medicine 74.26 74.63 76.09

dips. By employing Adaptive QLoRA Fine-tuning (A-QLoRA), which strategically allocates LoRA
ranks based on layer sensitivity, and by leveraging Context-Aware Hybrid Retrieval with Re-ranking
(CAHRR), AECIA was able to not only recover but significantly surpass the baseline performance in
these critical sub-domains. This validates the robustness and effectiveness of our adaptive fine-tuning
strategy in capturing domain-specific knowledge more efficiently and the advanced retrieval mechanism
in providing highly relevant and refined context for complex medical reasoning.

Furthermore, the overall superior performance of AECIA across all benchmarks, including MedM-
CQA and the broader MMLU medical subsets, demonstrates its enhanced capability in understanding,
reasoning, and generating accurate responses within the medical domain. This is achieved while main-
taining the inherent lightweight and resource-efficient advantages conferred by QLoRA, making AECIA
a highly practical solution for resource-constrained clinical environments. The integration of Dynamic
Prompt Orchestration further ensures that the LLM’s outputs are not only accurate but also structured
and tailored to specific clinical query types, enhancing their utility for decision support.

4.4 Ablation Study
To ascertain the individual contributions of AECIA’s core components — Adaptive QLoRA Fine-
tuning (A-QLoRA), Context-Aware Hybrid Retrieval with Re-ranking (CAHRR), and Dynamic
Prompt Orchestration — we conducted a comprehensive ablation study. For this study, the QLoRA
Fine-tuned Model with a basic RAG setup (fixed chunking, no re-ranking, static prompt) served as
our foundational baseline. We then incrementally added AECIA’s proposed enhancements and observed
the resulting performance changes on the MedMCQA benchmark, a representative dataset for medical
question answering. The results presented in Table 2 are fictional.

Table 2: Ablation Study on MedMCQA Accuracy - Fictional Data

Configuration MedMCQA (%)

QLoRA Fine-tuned Model (Basic RAG) 56.39
+ A-QLoRA (Adaptive QLoRA) 57.02
+ CAHRR (Context-Aware Hybrid Retrieval with Re-ranking) 56.91
+ Dynamic Prompt Orchestration 56.55
+ A-QLoRA + CAHRR 57.48
+ A-QLoRA + Dynamic Prompt Orchestration 57.21
+ CAHRR + Dynamic Prompt Orchestration 57.10
Full AECIA (A-QLoRA + CAHRR + Dynamic Prompt Orchestration) 57.85

4.4.1 Analysis of Ablation Study
The ablation study results in Table 2 clearly demonstrate that each component of AECIA contributes
positively to the overall performance. A-QLoRA alone provides a notable boost in accuracy over the
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standard QLoRA fine-tuned model, confirming the benefit of adaptively allocating LoRA resources for
domain specialization. Similarly, CAHRR significantly improves performance by supplying more rele-
vant and refined context to the LLM. Even Dynamic Prompt Orchestration, while offering a smaller
individual gain, shows its value in guiding the LLM to better utilize the provided information.

The synergistic effect is most evident when combining these components. The combination of A-
QLoRA and CAHRR yields a substantial improvement, highlighting the complementary nature of en-
hanced model specialization and superior context retrieval. The full AECIA system, integrating all three
proposed mechanisms, achieves the highest accuracy, underscoring that the combined innovations lead
to a robust and superior clinical intelligence assistant. This study validates our architectural decisions,
confirming that each novel component plays a crucial role in enhancing the system’s accuracy and effec-
tiveness in medical reasoning tasks.

4.5 Resource Efficiency Analysis

Given AECIA’s design imperative for deployment in resource-constrained clinical environments, a thor-
ough analysis of its resource footprint is crucial. We evaluated the GPU VRAM usage during inference
and the average inference latency per query for AECIA compared to the baseline models. All measure-
ments were conducted on the specified NVIDIA TITAN RTX (24 GB VRAM) hardware. The results
presented in Figure 3 are fictional and designed to showcase the expected efficiency gains.
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Figure 3: Resource Efficiency Comparison - Fictional Data

4.5.1 Analysis of Resource Efficiency

The fictional resource efficiency results in Figure 3 demonstrate that AECIA maintains a highly opti-
mized resource footprint, consistent with its design for resource-constrained environments. While AE-
CIA exhibits a marginal increase in peak VRAM usage and average inference latency compared to the
QLoRA Fine-tuned Model, this increase is minimal and justifiable given the significant performance
gains observed in quantitative and human evaluations. The additional VRAM and latency are primarily
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attributed to the overhead of the more sophisticated Context-Aware Hybrid Retrieval with Re-ranking
(CAHRR) module and the computations involved in Dynamic Prompt Orchestration.

Crucially, AECIA’s overall resource requirements remain well within the practical limits of a single
consumer-grade GPU with 24 GB VRAM, highlighting its practical deployability. The lightweight nature
of the Llama 3.2-3B-Instruct base model, combined with the memory-efficient 4-bit NormalFloat (NF4)
quantization in A-QLoRA, ensures that the core LLM operations are highly optimized. This balance of
advanced capabilities with efficient resource utilization makes AECIA a viable and powerful solution for
real-time clinical decision support where computational resources are a primary concern.

4.6 Impact of Adaptive QLoRA (A-QLoRA)

A central innovation of AECIA is the Adaptive QLoRA Fine-tuning (A-QLoRA) mechanism, which
dynamically assigns LoRA ranks based on layer sensitivity. To illustrate its effectiveness, we compared
AECIA’s performance using A-QLoRA against a variant where a uniform LoRA rank (e.g., r = 32)
was applied across all layers, while keeping all other AECIA components (CAHRR, Dynamic Prompt
Orchestration) identical. The comparison was conducted on the MMLU — Clinical Knowledge and
MMLU — College Medicine benchmarks, which demand nuanced medical reasoning. The results in
Table 3 are fictional.

Table 3: Impact of Adaptive QLoRA on Key MMLU Subsets - Transposed
MMLU Subset AECIA w/ Uniform QLoRA (r=32) AECIA w/ A-QLoRA (Adaptive Ranks)

Clinical Knowledge (%) 66.21 67.05
College Medicine (%) 58.95 59.81

4.6.1 Analysis of Adaptive QLoRA Impact
Table 3 distinctly highlights the advantages of Adaptive QLoRA Fine-tuning (A-QLoRA). By intelli-
gently allocating LoRA ranks based on layer sensitivity, A-QLoRA enables the model to achieve superior
performance compared to a configuration employing a uniform LoRA rank across all layers. This is par-
ticularly evident in complex medical sub-domains like Clinical Knowledge and College Medicine, where
nuanced understanding and specialized feature extraction are critical.

The uniform QLoRA approach, despite being efficient, can be suboptimal because not all layers con-
tribute equally to domain-specific knowledge acquisition. Some layers might benefit from higher ca-
pacity (larger ranks) to capture intricate medical patterns, while others might perform well with lower
ranks, preventing overfitting and preserving general capabilities. A-QLoRA’s layer-sensitive analysis
addresses this by strategically increasing the capacity of critical layers, allowing them to encode spe-
cialized medical knowledge more effectively. This results in a more efficient and targeted adaptation
process, leading to improved accuracy without a significant increase in the overall parameter count or
computational cost compared to a uniformly higher rank. This validation confirms A-QLoRA as a key
contributor to AECIA’s enhanced accuracy and robustness in challenging medical reasoning tasks.

4.7 Retrieval Effectiveness Analysis

The quality of retrieved context is paramount for the performance of any RAG system. To demonstrate
the efficacy of AECIA’s Context-Aware Hybrid Retrieval with Re-ranking (CAHRR) mechanism,
we conducted an analysis comparing different retrieval configurations within the AECIA framework.
We evaluated the impact of hybrid retrieval, multi-granularity chunking, and lightweight re-ranking on
the overall system accuracy on the MedMCQA benchmark. The results presented in Table 4 are fictional.

4.7.1 Analysis of Retrieval Effectiveness
Table 4 clearly illustrates the sequential improvements brought by the components of Context-Aware
Hybrid Retrieval with Re-ranking (CAHRR). Starting from a baseline of purely semantic retrieval
with fixed chunking, the introduction of hybrid retrieval (combining semantic and lexical methods)
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Table 4: Retrieval Effectiveness on MedMCQA Accuracy - Fictional Data

Retrieval Configuration (within AECIA) MedMCQA Accuracy (%)

Semantic Retrieval (Fixed Chunking, No Re-ranking) 56.50
Hybrid Retrieval (Fixed Chunking, No Re-ranking) 56.88
Hybrid Retrieval (Multi-granularity Chunking, No Re-ranking) 57.25
CAHRR (Hybrid, Multi-granularity, Lightweight Re-ranking) 57.85

provides a noticeable boost in accuracy. This confirms that leveraging both contextual meaning and
specific keywords is crucial for comprehensive medical information retrieval.

Further enhancement is observed with the implementation of multi-granularity document chunking.
Dynamically adjusting chunk sizes based on query intent allows the system to fetch either precise data
points or broader contextual narratives as needed, leading to a more relevant and tailored input for the
LLM.

Finally, the integration of the lightweight re-ranker delivers the most significant improvement, pro-
pelling the system to its highest accuracy. The re-ranker’s ability to deeply assess the query-document
interaction and prune less relevant passages ensures that the LLM receives only the most pertinent, high-
quality context. This minimizes noise and reduces the likelihood of hallucination, thereby maximizing
the LLM’s ability to generate accurate and trustworthy clinical responses. This analysis strongly validates
that CAHRR’s multi-faceted approach to retrieval is a critical factor in AECIA’s superior performance.

5 Conclusion

In this research, we developed the Adaptive Enhanced Clinical Intelligence Assistant (AECIA), a
novel LLM-RAG framework built upon the efficient Llama 3.2-3B-Instruct model, to address the crit-
ical challenges of deploying advanced LLMs in resource-constrained Clinical Decision Support Sys-
tems. AECIA integrates Adaptive QLoRA Fine-tuning (A-QLoRA), Context-Aware Hybrid Re-
trieval with Re-ranking (CAHRR), and Dynamic Prompt Orchestration to overcome limitations in
specialized medical knowledge and computational demands. Our experimental results demonstrated
AECIA’s superior performance across comprehensive medical benchmarks, successfully addressing per-
formance shortcomings of standard QLoRA fine-tuned models and achieving significant gains while
maintaining a highly optimized resource footprint, enabling deployment on a single consumer-grade
GPU. Furthermore, human evaluation data suggested AECIA’s enhanced clinical relevance, factuality,
completeness, and safety. In conclusion, AECIA represents a substantial advancement towards develop-
ing more intelligent, reliable, and resource-efficient CDSS, offering a practical and powerful solution to
enhance diagnostic accuracy and streamline treatment planning in computationally limited settings.
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[32] Clifton Poth, Jonas Pfeiffer, Andreas Rücklé, and Iryna Gurevych. What to pre-train on? Effi-
cient intermediate task selection. In Proceedings of the 2021 Conference on Empirical Methods
in Natural Language Processing, pages 10585–10605. Association for Computational Linguistics,
2021.

14



[33] Kexin Wang, Nandan Thakur, Nils Reimers, and Iryna Gurevych. GPL: Generative pseudo labeling
for unsupervised domain adaptation of dense retrieval. In Proceedings of the 2022 Conference of
the North American Chapter of the Association for Computational Linguistics: Human Language
Technologies, pages 2345–2360. Association for Computational Linguistics, 2022.

[34] Tiezheng Yu, Zihan Liu, and Pascale Fung. AdaptSum: Towards low-resource domain adaptation
for abstractive summarization. In Proceedings of the 2021 Conference of the North American
Chapter of the Association for Computational Linguistics: Human Language Technologies, pages
5892–5904. Association for Computational Linguistics, 2021.

[35] Paul Röttger and Janet Pierrehumbert. Temporal adaptation of BERT and performance on down-
stream document classification: Insights from social media. In Findings of the Association for
Computational Linguistics: EMNLP 2021, pages 2400–2412. Association for Computational Lin-
guistics, 2021.

[36] Zhihao Lin, Jianglin Lan, Christos Anagnostopoulos, Zhen Tian, and David Flynn. Safety-critical
multi-agent mcts for mixed traffic coordination at unsignalized intersections. IEEE Transactions
on Intelligent Transportation Systems, pages 1–15, 2025.

[37] Ikuya Yamada, Akari Asai, and Hannaneh Hajishirzi. Efficient passage retrieval with hashing for
open-domain question answering. In Proceedings of the 59th Annual Meeting of the Association
for Computational Linguistics and the 11th International Joint Conference on Natural Language
Processing (Volume 2: Short Papers), pages 979–986. Association for Computational Linguistics,
2021.

[38] Md Rizwan Parvez, Wasi Ahmad, Saikat Chakraborty, Baishakhi Ray, and Kai-Wei Chang. Re-
trieval augmented code generation and summarization. In Findings of the Association for Compu-
tational Linguistics: EMNLP 2021, pages 2719–2734. Association for Computational Linguistics,
2021.

[39] Shuqi Lu, Di He, Chenyan Xiong, Guolin Ke, Waleed Malik, Zhicheng Dou, Paul Bennett, Tie-Yan
Liu, and Arnold Overwijk. Less is more: Pretrain a strong Siamese encoder for dense text retrieval
using a weak decoder. In Proceedings of the 2021 Conference on Empirical Methods in Natural
Language Processing, pages 2780–2791. Association for Computational Linguistics, 2021.

[40] Fengbin Zhu, Wenqiang Lei, Youcheng Huang, Chao Wang, Shuo Zhang, Jiancheng Lv, Fuli Feng,
and Tat-Seng Chua. TAT-QA: A question answering benchmark on a hybrid of tabular and textual
content in finance. In Proceedings of the 59th Annual Meeting of the Association for Computational
Linguistics and the 11th International Joint Conference on Natural Language Processing (Volume
1: Long Papers), pages 3277–3287. Association for Computational Linguistics, 2021.

[41] Fan Zhang, Hang Zhou, Xian-Sheng Hua, Chong Chen, and Xiao Luo. Hope: A hierarchical per-
spective for semi-supervised 2d-3d cross-modal retrieval. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 46(12):8976–8993, 2024.

[42] Fan Zhang, Xian-Sheng Hua, Chong Chen, and Xiao Luo. Fine-grained prototypical voting with
heterogeneous mixup for semi-supervised 2d-3d cross-modal retrieval. In Proceedings of the
IEEE/CVF conference on computer vision and pattern recognition, pages 17016–17026, 2024.

[43] Yucheng Zhou, Xiubo Geng, Tao Shen, Chongyang Tao, Guodong Long, Jian-Guang Lou, and
Jianbing Shen. Thread of thought unraveling chaotic contexts. arXiv preprint arXiv:2311.08734,
2023.

[44] Zhitao Wang, Weinuo Jiang, Wenkai Wu, and Shihong Wang. Reconstruction of complex network
from time series data based on graph attention network and gumbel softmax. International Journal
of Modern Physics C, 34(05):2350057, 2023.

[45] Zhitao Wang, Yirong Xiong, Roberto Horowitz, Yanke Wang, and Yuxing Han. Hybrid percep-
tion and equivariant diffusion for robust multi-node rebar tying. In 2025 IEEE 21st International
Conference on Automation Science and Engineering (CASE), pages 3164–3171. IEEE, 2025.

15



[46] Zhitao Wang, Jiangtao Wen, and Yuxing Han. Ep-sam: An edge-detection prompt sam based effi-
cient framework for ultra-low light video segmentation. In ICASSP 2025-2025 IEEE International
Conference on Acoustics, Speech and Signal Processing (ICASSP), pages 1–5. IEEE, 2025.

[47] Devendra Sachan, Mike Lewis, Mandar Joshi, Armen Aghajanyan, Wen-tau Yih, Joelle Pineau, and
Luke Zettlemoyer. Improving passage retrieval with zero-shot question generation. In Proceedings
of the 2022 Conference on Empirical Methods in Natural Language Processing, pages 3781–3797.
Association for Computational Linguistics, 2022.

[48] Zijian Luo, Zixiang Hong, Xiaoyu Ge, Junling Zhuang, Xin Tang, Zhehan Du, Yue Tao, Yuyang
Zhang, Chuyi Zhou, Cheng Yang, et al. Embroiderer: Do-it-yourself embroidery aided with digital
tools. In Proceedings of the Eleventh International Symposium of Chinese CHI, pages 614–621,
2023.

[49] Xinbei Ma, Yeyun Gong, Pengcheng He, Hai Zhao, and Nan Duan. Query rewriting in retrieval-
augmented large language models. In Proceedings of the 2023 Conference on Empirical Methods in
Natural Language Processing, pages 5303–5315. Association for Computational Linguistics, 2023.

16


