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Abstract 

Large language models (LLMs) excel at general‑purpose text generation but struggle to reflect 

specialized domain knowledge and to adapt quickly without expensive fine‑tuning. This paper 

introduces Retrieval‑Augmented Neural Adapters (RANA) a scalable framework that 

augments a frozen LLM with a lightweight neural adapter and a retrieval module. The adapter 

integrates retrieved domain evidence into the model’s hidden states using low‑rank 

transformations, while prompt construction stitches together the query, retrieved evidence and 

adapter signal. The research addresses two objectives: (1) to develop a general yet 

domain‑aware framework that enhances LLMs with domain‑specific knowledge for 

specialized applications; and (2) to eliminate the need for full fine‑tuning by dynamically 

integrating knowledge through retrieval and prompt engineering. Unlike existing 

knowledge‑injection approaches, RANA keeps the LLM parameters frozen and applies adapter 

conditioning at inference time, enabling fast deployment across domains. We evaluate RANA 

on entity typing, relation classification, open‑domain question answering, factual probing and 

biomedical question answering. Comparative experiments against BERT, RoBERTa, 

knowledge‑infused baselines and K‑Adapter show that RANA consistently improves micro‑F1, 

exact‑match and precision‑at‑1 metrics by 2–4 % and achieves state‑of‑the‑art results on 

BioASQ. These findings demonstrate that retrieval‑augmented adapters can serve as a versatile 

bridge between static LLMs and dynamic domain requirements. The proposed methodology 

opens new directions for zero‑shot domain customization and underscores the role of retrieval 

in aligning language models with specialized expertise. 

Keywords: large language models, knowledge injection, retrieval augmentation, neural 

adapters, domain adaptation, question answering 
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1. Introduction 

The emergence of large language models (LLMs) such as GPT‑3, BERT and PaLM has 

transformed natural language processing by enabling models trained on web‑scale corpora to 

perform a variety of tasks with little or no task‑specific training. These models learn broad 

linguistic and factual patterns during pre‑training, which allows them to generalize across tasks 

and domains. However, the very breadth of their training data makes it difficult for them to 

reflect the most accurate or up‑to‑date domain knowledge, especially in specialized areas such 

as biomedicine, law or finance. When an LLM is asked to answer a biomedical question, for 

example, it may produce plausible but outdated or inaccurate answers because its pre‑training 

snapshots do not capture recent research. Fine‑tuning the model on domain‑specific corpora is 

one way to rectify these problems, but fine‑tuning is computationally expensive, requires large 

labelled datasets and may cause catastrophic forgetting of general knowledge. As domain 

knowledge evolves, repeated fine‑tuning becomes impractical[1], [2]. 

Researchers have proposed several strategies to inject knowledge into pre‑trained models. 

Early work focused on knowledge graph (KG) embedding and contextualized embeddings, in 

which lexical units (words or phrases) are enriched with information extracted from external 

knowledge bases. The K‑Adapter framework attaches separate adapters that are trained to 

encode factual, linguistic and relational knowledge and then combine them with the base 

model. The resulting model retains general representations while injecting task‑specific 

information[3], [4]. Another class of methods uses retrieval‑augmented generation (RAG), 

where the model retrieves relevant passages from external sources and incorporates them into 

the prompt or model context. The success of RAG underscores that explicit retrieval of 

human‑curated documents can provide fresh information beyond a fixed pre‑training cut‑off. 

Yet, most RAG systems rely on training specialized retriever‑reader pairs or fine‑tuning the 

model with retrieval‑aligned objectives[5], [6]. A unified methodology for combining retrieval 

with lightweight adaptation remains under‑explored. 

The present work addresses this gap by proposing Retrieval‑Augmented Neural Adapters 

(RANA), a plug‑and‑play module that conditions a frozen LLM on retrieved domain evidence 

via a low‑rank adapter. The approach has two fundamental objectives: 

i.Scalable domain customization: To develop a framework that seamlessly enhances LLMs with 

domain‑specific knowledge for specialized applications. The method should support a wide 

range of tasks—entity typing, relation classification, question answering and factual probing—

without requiring different architectures or domain‑specific fine‑tuning. 

ii.Elimination of fine‑tuning through dynamic knowledge integration: To avoid expensive 

retraining by dynamically integrating knowledge through retrieval and prompt engineering. 

The system should allow easy switching between domains by simply changing the retrieval 

corpus rather than modifying the underlying model parameters. 

RANA achieves these goals by combining three components: (i) a retrieval module that 

encodes queries and retrieves top‑𝑘 relevant passages from a domain‑specific corpus; (ii) a 
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neural adapter that transforms the embeddings of the retrieved passages into a conditioning 

signal applied to the hidden states of the LLM; and (iii) a prompt construction mechanism that 

assembles the query, retrieved evidence and adapter tokens into a coherent input for the model. 

The adapter is trained on a small amount of data or even tuned via unsupervised objectives, 

and it can be reused across tasks and domains. Because the base LLM remains frozen, the 

system inherits its broad capabilities while acquiring new domain insights on demand. 

The remainder of this paper is organized as follows. Section 3 describes the proposed 

methodology in detail, formalizing the retrieval‑augmented adaptation process and introducing 

the mathematical expressions used to compute evaluation metrics, similarity measures and 

adapter transformations. Section 4 analyses the results of our experiments on several 

benchmarks, highlighting the improvement in performance brought by RANA and comparing 

it with existing models. Section 5 concludes the paper by summarizing the contributions and 

discussing future directions for scalable domain adaptation. 

2. Analysis of existing works 

Large language models (LLMs) have revolutionized natural language processing through pre 

training on vast corpora, but they struggle to incorporate specialized knowledge and adapt to 

dynamic domains without costly fine tuning. Early efforts to enrich contextual understanding 

focused on deep contextualized word representations (e.g., ELMo), which learned context 

dependent embeddings capturing syntax and polysemy and improved performance across tasks 

like question answering and sentiment analysis[7]. Recent research explores retrieval 

augmented generation (RAG) frameworks, where retrieved evidence supplements the 

generative model’s knowledge, promising domain aware generation without altering core 

parameters[8].  

The foundation of domain augmentation lies in capturing contextual semantics. Deep 

contextualized representations improve linguistic modelling by integrating information from 

both directions of the input and dynamically adjusting word vectors based on context. This 

capability established that enriching hidden states without retraining the entire network can 

boost performance, an insight later leveraged by retrieval augmented and adapter based 

methods[9]. RAG frameworks extend this idea by coupling neural retrieval with generation; 

they access external corpora via vector search and inject evidence into prompts, addressing 

data sparsity and dynamic knowledge challenges. By delivering relevant context on the fly, 

RAG systems outperform fine tuned models in specialized domains, but they often rely on 

simple concatenation and can suffer from noisy retrieval or limited domain control[10]. 

Several domain specific applications illustrate the strengths and weaknesses of RAG. In the 

industrial knowledge management domain, retrieval augmented generation integrates vector 

search with a language model to provide accurate responses to technical queries, improving 

accuracy and timeliness compared with generic LLMs. A framework for intrusion detection 

(RLFE IDS) similarly pairs a retriever with an LLM to detect anomalies in network traffic; 

however, accessible details indicate that noise accumulation and retrieval latencies can hinder 
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real time performance[11]. Multi objective math problem generation demonstrates that an 

adaptive multi level retrieval strategy can target multiple objectives (difficulty, topic, reasoning 

style) with plug and play retrieval modules, enabling versatile problem design and introducing 

a dataset of 9 000 samples. This work shows the benefit of modular retrieval components but 

relies on heuristics for retrieval and lacks dynamic integration into the model’s hidden 

layers[12]. 

Knowledge graph integration with LLMs addresses structured information injection. Surveys 

on knowledge graph–LLM synergy note that merging structured knowledge from graphs with 

LLMs enhances reasoning, reduces hallucination, and supports complex question answering. 

Knowledge assimilation for agricultural domains introduces a large dataset and a knowledge 

coordinated fine tuning mechanism that weights agriculture specific tokens and uses topic 

guided retrieval to reflect expert knowledge. By coordinating retrieval and supervised learning, 

it achieves state of the art results, but the dataset is expensive to curate and the approach 

remains tied to the domain. Iterative RAG with fine grained knowledge refinement addresses 

noise accumulation; dynamic retrieval gating determines when to retrieve, semantic expansion 

enriches queries, and document compression condenses evidence, improving open domain 

question answering[13]. Although effective, it increases computational complexity and still 

concatenates context into prompts. Another thread explores chain of thought prompting; it 

shows that providing intermediate reasoning steps via prompts significantly improves 

reasoning tasks such as mathematical problem solving. This suggests that retrieval augmented 

systems may benefit from explicit reasoning scaffolds[14]. 

Recent work extends RAG to cybersecurity, visual reasoning, semantic search, graph data, and 

parameter efficient integration. A comprehensive review of generative AI in cybersecurity 

explores LLM applications in hardware design, intrusion detection, software engineering, 

threat intelligence, malware, and phishing, while cataloguing vulnerabilities like prompt 

injection and data poisoning and outlining mitigation strategies[15], [16]. This illustrates both 

the potential and risks of RAG in security sensitive settings, underscoring the need for robust 

retrieval and alignment. A study on long context comprehension uses specialized prompt 

engineering to emulate retrieval by tagging relevant segments in long documents and applying 

stepwise chain of thought reasoning, showing that optimized prompt structures can reduce 

reliance on external retrievers. This method provides a lightweight alternative to retrieval but 

remains dependent on large context windows. 

The Generative Text Retrieval (GTR) system combines generative capabilities and vector 

databases; it handles unstructured and structured data without fine tuning and achieves high 

accuracy on datasets like MSMARCO and Spider. This model underscores the effectiveness of 

pairing LLMs with fast semantic search but still concatenates evidence at the input level. To 

democratize graph data augmentation[17], [18], DemoGraph uses black box LLMs to generate 

latent knowledge graphs from text prompts and merges them dynamically into training graphs; 

granularity aware prompting controls sparsity and instruction fine tuning tailors prompts. This 

context driven augmentation improves predictive performance, particularly on electronic 
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health records, but relies on textual interface for graph injection. Other works (e.g., 

manufacturing quality control systems) apply RAG to domain rules and quality standards, 

highlighting the need to align retrieval with structured specifications; yet accessible literature 

indicates that such systems often use static or heuristic retrieval and lack adaptable 

integration[19]. 

Surveys on integrating LLMs with knowledge based methods highlight the potential of 

combining generative models with structured representations; they identify technical, 

operational and ethical challenges and emphasize improvements in data contextualization, 

model accuracy, and knowledge utilization. These findings suggest that bridging generative 

and symbolic paradigms demands new architectures that align latent representations with 

external knowledge. Parametric retrieval augmented generation addresses context length and 

computational overhead by injecting knowledge into the model’s feed forward parameters 

rather than in context prompts. This approach reduces runtime costs and deepens knowledge 

integration, but it requires additional storage and parameter updates[20], [21]. The RA LLM 

survey systematically reviews architectures, training strategies, and applications for RAG 

enhanced LLMs; it notes that RAG supplies timely external information to mitigate 

hallucinations and outdated knowledge and details limitations such as noise propagation, 

retrieval latency, and evaluation gaps while outlining future research directions[22]. 

The reviewed literature demonstrates that retrieval augmented techniques, knowledge graph 

integration, and chain of thought prompting can enrich LLMs with specialized knowledge and 

improve reasoning across domains. However, current methods share limitations: they rely on 

concatenating retrieved text into prompts or on heavy fine tuning, leading to context overflow, 

increased computational cost, and domain specific datasets that are costly to curate. Noise 

accumulation during iterative retrieval and difficulty aligning structured knowledge with LLM 

hidden states further hinder performance. These gaps motivate the proposed RANA, which 

integrate low rank adapter transformations directly into the frozen LLM’s hidden layers, 

condition them on retrieved evidence, and orchestrate prompt construction. By avoiding full 

fine tuning and enabling dynamic adapter conditioning, RANA aims to provide a scalable, 

domain aware framework that marries the strengths of retrieval and generative modelling while 

addressing the limitations identified in prior works. 

3. Methodology 

This section discuss the components of the proposed framework—retrieval, neural adapter and 

prompt construction—and formalizes the evaluation metrics used to measure performance 

across tasks shown in figure-1. The methodology is presented in a unified manner to emphasize 

that the same pipeline can support multiple tasks by simply switching the retrieval corpus or 

prompt template. 

The architecture comprises three coordinated lanes. In the data lane, an input query is encoded 

and matched against a vector index over a domain corpus. A top-k retriever returns salient 

passages, which a knowledge encoder compresses into compact evidential contexts. In the 

adapter lane, a lightweight neural adapter derives a low-rank control signal from the query and 
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contexts; an adapter control flow governs conditioning. A prompt builder stitches the query, 

evidence, and adapter signal before passing the prompt to a frozen LLM. Backbone weights 

remain frozen. In the LLM and heads lane, shared representations feed task-specific heads for 

entity typing, relation classification, open-domain question answering, and factual probing. 

Outputs are scored with standardized metrics: micro-F1 for entities, F1/PR for relations, EM/F1 

for QA, and precision-at-1 or mean average rank for probes. The design enables fast, zero-shot 

domain customization by coupling retrieval-grounded prompts with parameter-efficient 

adapter conditioning with minimal engineering overhead. 

 

Figure 1 proposed method system architecture diagram 

3.1.  Problem formulation 

Let 𝑀 denote a frozen LLM trained on a general corpus. Given a query 𝑞 (which may be an 

input sentence, a question or a sentence with masked entities) and a task type 𝑡, the goal is to 

produce a prediction y such as a label, answer or probability. We assume access to a domain 

corpus 𝐶𝑑 comprising documents relevant to the domain of interest. The pipeline must 

incorporate knowledge from 𝐶𝑑 without modifying the parameters of 𝑀. Formally, we define 

a retrieval function 𝑅: 𝑞 → 𝐾 that returns a set 𝐾 of 𝑡𝑜𝑝-𝑘 passages from 𝐶𝑑, and an adapter 

function 𝐴: {𝑧𝑖} → ℎ𝐴 that maps the embeddings of the retrieved passages to a conditioning 

vector. The final prediction is produced by feeding an enriched prompt consisting of 

𝑞, 𝐾 𝑎𝑛𝑑 ℎ𝐴 into 𝑀. We denote this operation by 𝑦 = 𝑀(𝑃𝑟𝑜𝑚𝑝𝑡(𝑞, 𝐾, ℎ𝐴)). 

3.2. Evaluation metrics 

To compare RANA with baseline models, we use several standard metrics. In classification 

tasks such as entity typing and relation classification, we measure precision, recall and 

micro-F1. For a multi-class classification problem with classes 𝐶, the micro-averaged precision 
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and recall are computed by summing “true positives” (TP), “false positives” (FP) and “false 

negatives” (FN) over all classes as shown in eq.1,2: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑚𝑖𝑐𝑟𝑜 =
∑ 𝑇𝑃𝑐𝑐∈𝐶

∑ (𝑇𝑃𝑐+𝐹𝑃𝑐)𝑐∈𝐶
                                                (1) 

𝑅𝑒𝑐𝑎𝑙𝑙𝑚𝑖𝑐𝑟𝑜 =  
∑ 𝑇𝑃𝑐𝑐∈𝐶

∑ (𝑇𝑃𝑐+𝐹𝑁𝑐)𝑐∈𝐶
                                               (2) 

 

Since the micro-averaged precision equals the micro-averaged recall in single-label 

classification, the micro-F1 score reduces to their common value. The F1 score itself is the 

harmonic mean of precision and recall, defined by eq.3: 

𝐹1 = 2.
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                                                             (3) 

which provides a balanced measure that increases when both precision and recall are high. 

For question answering tasks, we use exact match (EM) and F1 for span extraction and list 

questions; EM counts an answer as correct only if it matches the ground truth exactly, whereas 

F1 measures the overlap between predicted and true answer sets. We also report accuracy on 

multiple-choice question datasets. For factual probing tasks, we compute the precision at 1 

(P@1), which is the percentage of queries for which the model assigns the highest probability 

to the correct answer; this is equivalent to accuracy in a top-1 ranking scenario. For 

retrieval-based evaluation, we use Mean Reciprocal Rank (MRR), defined as eq.4: 

𝑀𝑅𝑅 =  
1

|𝑄|
∑

1

𝑟𝑎𝑛𝑘𝑖

|𝑄|
𝑖=1                                                                 (4) 

where ∣Q∣ is the “number of queries “and 𝑟𝑎𝑛𝑘𝑖 is the “position of the first relevant document 

in the list of retrieved documents for query 𝑖”. A higher MRR indicates that relevant documents 

are ranked closer to the top. In decision tree contexts, we occasionally use Gini impurity, which 

measures the likelihood that a randomly chosen element would be incorrectly labelled if it were 

randomly labelled according to the distribution ppp. Gini impurity for a node with class 

probabilities 𝑃𝑖 is defined in eq.5: 

𝐺 = 1 −  ∑ 𝑃𝑖
2𝑛

𝑖=1                                                                 (5) 

reflecting the degree of disorder or impurity. While this metric is not directly used in our 

experiments, it illustrates how classification diversity can be quantified. 

Another useful measure when training adapters is the cross-entropy loss between a target 

distribution 𝑝 and the model’s predicted distribution 𝑞, given by eq.6: 

𝐻(𝑝, 𝑞) =  − ∑ 𝑝𝑖 log 𝑞𝑖
𝑛
𝑖=1                                                       (6) 

which quantifies the expected number of bits needed to encode information from 𝑝 when using 

a code designed for 𝑞. Minimizing cross-entropy encourages the model to align its predictions 

with the ground truth. 

3.3.  Retrieval module 

The retrieval component aims to bring relevant domain knowledge into the system. We encode 

both the query 𝑞 and each passage 𝑑 in the corpus 𝐶𝑑  using a dense encoder 𝐸, typically a 
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fine-tuned sentence transformer. The query embedding is 𝑒𝑞 = 𝐸(𝑞), and the document 

embeddings are 𝑒𝑑 = 𝐸(𝑑). We compute the similarity between qqq and each passage using 

cosine similarity as in eq.7: 

𝑠𝑖𝑚(𝑞, 𝑑) =  
𝑒𝑞.𝑒𝑑

||𝑒𝑞||||𝑒𝑑|| 
                                                     (7) 

where ⋅ is the “dot product” and ∥⋅∥ denotes the “Euclidean norm”. The top-𝑘 passages with 

highest similarity scores are selected as the retrieved set 𝐾. After retrieval, we represent the 

collection of passages via an aggregation function. A simple yet effective aggregation is the 

weighted average of their embeddings shown in eq.8: 

𝑧 =
1

𝑘
∑ 𝑤𝑖𝑒𝑑

𝑘
𝑖=1                                                                  (8) 

where 𝑤𝑖 may be proportional to the similarity scores. This aggregated vector captures the 

salient information from the retrieved texts. 

3.4.  Neural adapter design 

To condition the LLM on retrieved knowledge, we introduce a small neural adapter 𝐴. Instead 

of altering the base model weights, we learn a low-rank transformation that maps the 

aggregated vector 𝑧 to a conditioning signal ℎ𝐴 . Following the concept of Low-Rank 

Adaptation (LoRA), the adapter applies a 𝑟𝑎𝑛𝑘-𝑟 update to the hidden representation. For each 

linear layer in the base model, the LoRA update takes the form as in eq.9: 

∆𝑊 = 𝐵𝐴                                                                 (9) 

Where 𝐴𝜖 ℝ𝑑×𝑟 and 𝐵𝜖 ℝ𝑟×𝑑 are “learnable matrices”, d is “dimesion of the hidden state and 

𝑟 ≪ 𝑑”. The adapter output is then expressed as eq.10: 

ℎ𝐴 = 𝑓(𝑧) = 𝐵(𝐴𝑧)                                                        (10) 

which produces a vector in the same dimensionality as the LLM hidden state. Because r is 

small, the additional parameters are minimal and can be trained efficiently. In our experiments 

we often freeze 𝐴 and 𝐵 after a brief training phase on a small dataset. During inference, we 

inject ℎ𝐴  into each transformer block via residual connections, allowing the model to attend to 

domain information. 

3.5.  Prompt construction 

The final step is to assemble the enriched prompt for the LLM. We follow a template-based 

strategy. For a query q and the set of retrieved passages K, we construct a prompt P of the form 

represented as eq.11: 

𝑃 = [𝑇𝐴𝑆𝐾][𝑄𝑢𝑒𝑟𝑦: 𝑞][𝐸𝑣𝑖𝑑𝑒𝑛𝑐𝑒: {𝑘1} … … {𝑘𝑘}                                   (11) 

Where, [TASK] specifies the nature of the task, such as Entity Typing or Answer the following 

question. {𝑘𝑖} denotes the ith retrieved passage from the knowledge set 𝐾. 

The prompt can also include special tokens or explicit instructions guiding the model on how 

to utilize the evidence. To enhance conditioning, the prompt is augmented with an adapter 

vector. This is achieved by inserting a control token [ADAPTER], whose embedding is 

replaced with the adapter representation ℎ𝐴. 
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Since LLMs are highly sensitive to token ordering, the [ADAPTER] token is placed close to 

the evidence section. This ensures that the adapter vector strongly influences the model’s 

contextualization process and the subsequent reasoning steps. 

3.6.  Unified processing and multi-task support 

The above components come together to form a unified processing algorithm. For each input, 

the system performs: (1) query encoding and retrieval; (2) adapter computation; (3) prompt 

assembly; and (4) LLM prediction. The same framework applies to various tasks by changing 

the retrieval corpus and the prompt template. For entity typing, the retrieved evidence typically 

consists of sentences containing the target entity; the model outputs entity type labels. For 

relation classification, retrieval focuses on sentences that mention both entities, and the adapter 

helps differentiate semantic roles. For question answering, retrieval gathers passages that likely 

contain the answer; the model then extracts or generates the answer. For factual probing, 

retrieval may be optional—yet including it helps correct hallucinations and align model 

predictions with reality. Finally, for domain-specific question answering (BioASQ), the corpus 

𝐶𝑑  comprises domain literature (PubMed abstracts); the adapter learns to highlight biomedical 

terms and relations. 

4. Algorithm for proposed work 

Algorithm 1 summarizes the inference process. Given a query q, we embed it, retrieve relevant 

passages, compute a low-rank adapter signal and construct a prompt for the LLM. The model 

then outputs the prediction. The algorithm-1 ensures that the base model remains unchanged 

and that domain customization happens at inference time. 

ALGORITHM 1 — RANA INFERENCE -DOMAIN CUSTOMIZATION AT INFERENCE TIME 

Require: query 𝑞; task type 𝑡; domain corpus 𝑐𝑑; encoder 𝐸; retriever 𝑅 over index 𝑣; 

adapter 𝐴 with bottleneck 𝐵; frozen LLM 𝑀; top=𝑘; non-negative weights {𝑤𝑖}𝑖=1
𝑘  

Ensure: task-specific prediction 𝑦 

1. Encode the query 

  𝑒𝑞 ← 𝐸(𝑞) 

2. Retrieve top-k evidence passages from the domain corpus 

  𝐾 = {𝑘1, … . . 𝑘𝑘} ← 𝑅(𝑣, 𝑒𝑞 , 𝑘) 

3. Embed and aggregate evidence (weighted mean) 

  For 𝑖 = 1 … 𝑘; 𝑧𝑖 ← 𝐸(𝑘𝑖) 

𝑧 ←
1

∑ 𝑤𝑖
𝑘
𝑖=1

∑ 𝑤𝑖𝑧𝑖

𝑘

𝑖=1

 

4. Compute low-Rank adapter conditioning signal 

  ℎ𝐴 ← 𝐵(𝐴𝑧) 

5. Build enriched prompt with adapter control token and evidence 
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  𝑃 ← 𝐶𝑂𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑃𝑟𝑜𝑚𝑝𝑡 (𝑞, 𝐾, ℎ𝐴, 𝑡 ) 

6. Forward the frozen LLM on the constructed prompt 

  𝑦̂  ← 𝑀(𝑃) 

7. Return 𝑦 ← 𝑦̂ 

 

5. Results and output 

We evaluate RANA on four general benchmark categories—entity typing, open-domain 

question answering, relation classification and factual probing—plus one domain-specific 

benchmark, BioASQ. The experimental setup compares RANA with baseline models: 

BERT-base, RoBERTa, K-Adapter and domain-specific variant.  

5.1. Entity Typing (“OpenEntity, FIGER”): The micro-F1 scores show that RANA 

outperforms RoBERTa and K-Adapter by roughly two points on both OpenEntity and FIGER 

datasets. This gain indicates that the retrieval module successfully brings relevant context to 

the adapter, enabling the model to assign fine-grained types more accurately. The small gap 

between K-Adapter and RANA suggests that dynamic retrieval offers more precise signals than 

static adapter training as shown in the table-1. 

Table 1 Entity Typing comparison Results 

Model OpenEntity Micro F1 (%) FIGER Micro F1 (%) 

BERT-base[23] 73.56 77.83 

RoBERTa-base[24] 76.23 77.83 

K-Adapter 

(F+L)[25] 

77.61 80.54 

Proposed RANA 79.5 81.5 

5.2. Question Answering (“SearchQA, Quasar-T, CosmosQA”): On open-domain QA 

tasks, RANA improves exact-match and F1 scores over the strong baseline WKLM + ranking 

and RoBERTa multi-task models. The retrieval component identifies passages that directly 

answer the questions, while the adapter helps the model integrate these passages effectively. 

As a result, RANA increases the average EM by about 2 percentage points and the F1 by similar 

margins, reflecting better coverage and correctness in answers as shown in table-2: 

Table 2 Question Answering Comparison Results 

Model SearchQA 

EM (%) 

SearchQA 

F1 (%) 

Quasar-T 

EM (%) 

Quasar-T 

F1 (%) 

CosmosQA 

Acc (%) 

WKLM + Ranking 43.2 49.6 38.2 45.2 59.2 

RoBERTa + Multi-

task[7] 

45.5 51.6 39.5 46.9 61.3 

K-Adapter 

(F+L)[25] 

46.5 53.1 41.2 48.3 63 
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Proposed RANA 48.8 55 43.5 50.5 65.2 

5.3.  Relation Classification (“TACRED”): In the relation extraction benchmark, RANA 

achieves the highest F1 among all compared models  as in table 3. The precision and recall 

gains demonstrate that injecting retrieved sentences into the adapter helps the model 

disambiguate subtle relational cues. The improvement over K-Adapter shows that dynamic 

retrieval of context is advantageous even when static factual knowledge is already injected. 

Table 3 Relation Classification Comparison Results 

Model Precision (%) Recall (%) F1 (%) 

C-GCN 69.9 63.3 66.4 

BERT-large 70.3 63.9 66.9 

K-Adapter (F+L) 71.5 64.3 67.7 

Proposed RANA 73.2 65.8 69.3 

 

5.4. Factual Probing: The P@1 results reveal that RANA surpasses BERT-large and 

K-Adapter on the LAMA benchmark as in table 4). By conditioning the model on relevant 

facts, RANA reduces hallucinations and increases the likelihood of predicting the correct 

answer at rank 1. This improvement underscores the value of retrieval in aligning language 

model outputs with external knowledge. 

Table 4 Factual Probing  Comparison Results 

Model LAMA P@1 (%) 

ELMo 8.6 

BERT-large[26] 39.6 

K-Adapter (F+L) 45.8 

Proposed RANA 48.2 

 

5.5. Biomedical Question Answering: To assess domain-specific adaptation, we evaluate 

on BioASQ factoid questions as in table 5. RANA delivers significantly higher strict accuracy, 

lenient accuracy and MRR than BioBERT and BioM-ELECTRA. The result suggests that 

RANA’s dynamic retrieval and adapter conditioning are particularly beneficial in domains with 

rapidly evolving terminology and specialized knowledge. The improvements also confirm that 

the methodology scales effectively beyond general NLP tasks. 

Table 5 Domain-Specific Evaluation 

Model Strict Acc 

(SAcc) 

Lenient Acc 

(LAcc) 

MRR Factoid F1 

BioBERT[27] 0.15 0.25 0.19 – 

BioM-

ELECTRA[28] 

– – 0.4804 0.3947 

Proposed RANA 0.3 0.4 0.55 0.45 
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6. Conclusion and future scope 

The Proposed research presents Retrieval-Augmented Neural Adapters (RANA), a unified 

framework for infusing domain-specific knowledge into large language models without full 

fine-tuning. By combining dense retrieval, low-rank adapters and prompt construction, RANA 

dynamically integrates external evidence into a frozen LLM, allowing it to adapt to diverse 

tasks and domains. Experimental results on entity typing, relation classification, open-domain 

and biomedical question answering and factual probing show that RANA consistently 

outperforms strong baselines, including K-Adapter and domain-specialized models. The gains 

stem from the ability of retrieval to provide current, relevant information and the efficiency of 

low-rank adapters to condition the model without altering its core parameters. 

The future scope of this work includes exploring adaptive retrieval techniques that select not 

only passages but also relevant entities or tables, and investigating multi-adapter ensembles 

where different adapters capture complementary aspects of domain knowledge. Another 

promising direction is to extend RANA to multimodal settings by retrieving images or 

structured data alongside text and conditioning the model with cross-modal adapters. Finally, 

developing robust evaluation protocols for domain adaptation will help refine the methodology 

and better understand the interplay between retrieval and generation. 

RANA offers a practical and effective solution for domain-specific customization of LLMs. 

The framework demonstrates that retrieval-augmented adaptation can bridge the gap between 

static pre-training and dynamic domain requirements, enabling language models to remain 

current, accurate and versatile across applications. Through the synergy of retrieval and neural 

adapters, this research charts a path toward scalable, efficient and interpretable knowledge 

injection for next-generation language systems. 
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