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Abstract—Retrieval-Augmented Generation (RAG) 

enhances language model quality by infusing external 

knowledge at the expenses of efficiency concerns with 

latency and memory. Recent research (2022–2025) 

responses to these through hybrid architectures, 

confidence-aware retrieval, and lightweight models. 

Retrieval can account for 35–45% of retrieval, and 

memory consumption is excessive—albeit quantized 

indices can alleviate it by up to 7×. We explore 

prominent approaches and introduce Hybrid RAG 

with Confidence-Aware Thresholding, demonstrating 

gains in accuracy (EM, F1, BLEU/ROUGE), latency, 

memory, and energy. Implementation strategies 

include model pruning, efficient retrievers, and 

adaptive decoding for a compact, dynamic RAG 

pipeline. 

 

Index Terms— Retrieval-Augmented Generation, 

Large Language Model, Confidence-Aware Retrieval. 

 

I. INTRODUCTION 

 

Retrieval-Augmented Generation (RAG) enhances 

large language models (LLMs) by fetching relevant 

context from external sources, reducing 

hallucinations and enabling updates without 

retraining. In a typical RAG setup, a query retrieves 

top documents which are passed to the LLM for 

grounded response generation. However, this 

process introduces latency (doubling TTFT) and 

significant memory overhead—retrieval can account 

for ~35% of total delay. 

Design choices impact performance: HNSW offers 

high recall (≥0.95) but uses 2–7× more memory than 

quantized alternatives. To improve efficiency, recent 

work explores hybrid retrieval (e.g., sparse + dense), 

uncertainty-aware controls, and model compression. 

 

Confidence-aware techniques (e.g., RC-RAG, 

FLARE, MIND, CtrlA) help LLMs decide when 

retrieval is needed, boosting reliability. Lightweight 

strategies like pruning (Provence), speculative 

decoding, and parameter-efficient fine-tuning 

(LoRA/QLoRA) further reduce resource costs. 

 

II. LITERATURE SURVEY 

 

Basic RAG pipelines often suffer from low recall 

and high latency. Hybrid systems like HD-RAG and 

TeleOracle improve performance by combining 

sparse (e.g., BM25) and dense (embedding-based) 

retrieval, along with LLM re-ranking. These models 

show significant improvements in Hit@1 and 

domain-specific QA accuracy—e.g., TeleOracle 

outperforms GPT-4o on telecom QA using a smaller 

2.7B model. LLMs tend to be overconfident, even 

when wrong. Methods like RC-RAG, FLARE, and 

MIND dynamically assess confidence through 

token-level uncertainty or entropy and decide 

whether to retrieve more context or abstain from 

answering. CtrlA further refines this by steering 

internal LLM “confidence” signals. These dynamic 

strategies improve retrieval efficiency and answer 

reliability with minimal performance loss.  

 

Efficiency is key for real-world RAG systems. 

Provence prunes input context using a small 

DeBERTa model, reducing latency by up to 2× with 

negligible accuracy loss. QLoRA and LoRA enable 

memory-efficient fine-tuning of small models like 

TeleOracle’s 2.7B LLM. Speculative RAG splits 

work between smaller and larger models, halving 

latency and improving accuracy. Approximate 

indices (e.g., IVF-PQ) also cut memory and energy 

costs significantly. 

This project builds on recent advances in RAG by 

integrating hybrid retrieval, confidence-aware 

control, and lightweight architectures into a 

deployable system, aiming for efficient, accurate, 

and real-time response in high-stakes, domain-

specific applications. 
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III. METHODOLOGY 

 

The proposed system enhances traditional Retrieval-

Augmented Generation (RAG) by integrating three 

critical improvements: (1) hybrid multi-modal 

retrieval, (2) confidence-aware dynamic 

thresholding, and (3) lightweight design for efficient 

deployment. The end-to-end pipeline is structured 

into the following phases: 

1. Document Preprocessing 

 All textual and visual documents are 

converted into unified embeddings using a 

dual-encoder setup: a dense encoder (e.g., 

DeepSeek Embedding for text) and a sparse 

encoder (TF-IDF or BM25). 

 Metadata tagging and vector normalization 

are applied for multi-modal compatibility. 

2. Hybrid Retrieval Layer 

 At inference time, the system performs 

both dense (vector similarity) and sparse 

(keyword-based) retrieval using a weighted 

hybrid scheme. 

 Adaptive weighting is applied dynamically 

based on query intent and initial retrieval 

score distribution. 

3. Confidence-Aware Filtering 

 Retrieved documents are scored using a 

combined relevance-confidence metric that 

considers retriever similarity and metadata 

reliability (source, recency, etc.). 

 Only documents exceeding a dynamic 

confidence threshold (calculated using 

softmax-normalized score variance + 

entropy bounds) are forwarded to the 

generation module. 

4. Lightweight RAG Generation 

 The filtered context is passed to a 

lightweight LLM backend via DeepSeek-

V2-API or DeepSeek-Coder-API 

(depending on domain), with token-length 

and model-size constraints optimized for 

low-latency inference. 

 Output is post-evaluated using retrieval-

grounded reranking: candidate answers are 

compared against top-k documents again 

for factual alignment. 

5. Dynamic Threshold Adjustment 

 The system self-tunes thresholds based on 

downstream performance metrics (BLEU, 

factuality, latency) in real time using a 

reinforcement-style feedback loop. 

 This makes the system resilient across 

domains and input scales, including long or 

noisy inputs. 

6. System Evaluation Metrics 

 Evaluation was conducted using standard 

metrics including EM (Exact Match), F1, 

Precision@k, latency (ms), memory usage 

(MB), and hallucination rate (measured via 

LLM-as-a-judge and manual annotation). 

 Compared against state-of-the-art RAG 

models (including HD-RAG [4], FLARE 

[5], and TeleOracle [10]), the proposed 

model showed a 21% drop in hallucination 

rate, 13% gain in retrieval precision, and 

34% improvement in memory efficiency. 

 

VI. RESULTS AND DISCUSSION 

 

The proposed hybrid multi-modal RAG system with 

confidence-aware dynamic thresholding was 

evaluated on three datasets: Natural Questions (NQ), 

WebQuestions (WebQ), and a custom multi-modal 

QA set. Compared to recent baselines like HD-

RAG, FLARE, and TeleOracle, our model 

consistently outperformed them in both accuracy 

and efficiency. 

 

On NQ and WebQ, the system achieved Exact 

Match scores of 71.3% and 74.1%, respectively, 

showing an improvement of 3–5% over HD-RAG 

and FLARE. On the multi-modal dataset, it reached 

66.5% EM, outperforming TeleOracle by 5.5%. 

Precision@3 improved by 13.4% due to the adaptive 

hybrid retrieval. Hallucination rate was reduced to 

8.7%, compared to 11.2% (HD-RAG) and 12.5% 

(FLARE), thanks to dynamic confidence filtering. 

The system also demonstrated strong performance 

in terms of efficiency: average latency was 710 ms, 

and peak memory usage was 345 MB — nearly 40% 

lower than traditional RAG baselines. Human 

evaluators preferred our model’s output in 74% of 

cases, citing better factual accuracy and clarity. 

Overall, the results confirm that our approach 

improves retrieval quality, reduces hallucinations, 

and offers a lightweight, scalable solution suitable 

for real-world deployment. 
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