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Abstract 
Small and Medium Enterprises (SMEs) face persistent difficulties in managing human 

resources effectively, in part because they lack HR decision-support systems that are 

grounded in a trusted knowledge source. Standard Retrieval-Augmented Generation 

(Naive RAG) does not verify whether the documents it retrieves are genuinely relevant 

to the user’s query, and its shallow vector representations handle comparative and 
predictive queries poorly. Using the Design Science Research Methodology (DSRM), 

this paper builds a multi-agent Smart HR system for three HR domains (recruitment, 

performance management, and career development) that answers only from 

Armstrong’s Handbook of Human Resource Management Practice (16th edition). It 
makes two technical contributions: (1) a closed-domain CRAG adaptation (C1) that, 

instead of falling back to web search, re-retrieves from the same Qdrant knowledge base 

whenever retrieval is judged INCORRECT; and (2) a flan-t5-large retrieval evaluator 

trained with a same-chapter hard-negative strategy (C2) so that it can determine whether 

a chunk truly answers the query rather than merely sharing its topic. A three-variant 

ablation study (Naive RAG, SRAG-only, CRAG-only) over 270 synthetic queries (90 

per domain; 810 inferences in total), evaluated with the RAGAS and LLM-as-Judge 

frameworks, confirms H1: CRAG-only is significantly more faithful than Naive RAG 

(Wilcoxon signed-rank, p < 0.001, Cohen's d = 0.457, medium effect; Corrective Action 

Rate 0.278). H2 is rejected, because SRAG-only does not improve Faithfulness on its 

own (p = 0.388, d = 0.071). This gain comes with a trade-off: every variant that adds a 

mechanism scores lower LLM-as-Judge Accuracy than Naive RAG. The paper 

contributes an auditable closed-domain CRAG artifact, empirical evidence that C1 and 

SRAG contribute unequally to answer quality, and guidance for choosing an 

architecture based on domain characteristics. 
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1 Introduction 

Micro, Small, and Medium Enterprises (MSMEs) are a pillar of the Indonesian 

economy, contributing 61.07% of national Gross Domestic Product and absorbing up 

to 97% of the national workforce [1]. Despite this contribution, MSMEs face persistent 

structural challenges in human resource (HR) management, including limited resources, 

low employee motivation, and high turnover rooted in weak managerial capability [2]. 

Informal work patterns and the absence of formal systems have been repeatedly 

identified as a key barrier to innovation and competitiveness [3, 4], and HR practices in 

MSMEs are generally reported as non-standardized and unprofessional [5, 6]. 

Three HR functions are simultaneously the most critical and the most constrained in 

MSMEs: recruitment, performance management, and career development. Recruitment 

frequently fails to attract and retain suitable candidates because selection is conducted 

informally without standardized criteria [2, 5]. Performance management tends to be 

subjective and reactive, lacking measurable indicators and consistent feedback [6, 7]. 

Career development is the weakest of the three: MSMEs rarely define career paths or 

maintain a continuous competency monitoring system, which sustains high turnover [2, 

7]. 

Conventional Human Resource Information Systems (HRIS) improve HR 

efficiency in large organizations [8, 9], but adoption by Indonesian MSMEs is hindered 

by low digital literacy, limited technical human resources, and a mismatch between 

system complexity and organizational capacity [10, 11]. A Smart HR approach that 

combines artificial intelligence with automation is a better fit for this context, offering 

adaptive decision support with comparatively simple infrastructure [12, 13]. 

Retrieval-Augmented Generation (RAG) is a foundational technology for 

knowledge-grounded Smart HR systems, combining the generative capability of a 

Large Language Model (LLM) with retrieval from an external document base [14], 

thereby reducing the hallucination risk inherent to LLM-only generation. In this work, 

the external knowledge base is Armstrong’s Handbook of Human Resource 
Management Practice (16th edition) [15], a comprehensive and widely recognized 

HRM reference. 

However, standard RAG (Naive RAG) has two critical structural limitations in the 

HR domain [16]. First, it has no mechanism to evaluate the quality of retrieved 

documents: low relevance or ambiguous context is fed directly into the LLM, which is 

especially risky for HR decisions such as performance appraisal or promotion 

recommendations that directly affect employees [17]. Second, its vector representation 

captures only surface-level text semantics without deeper knowledge structure, so 

comparative queries (e.g., comparing competency-based selection methods) or 



 

predictive queries (e.g., promotion readiness criteria) are often retrieved inaccurately 

[16]. 

Two advanced RAG architectures address these limitations. Corrective RAG 

(CRAG) introduces a retrieval-evaluator layer that scores document relevance before 

generation: high-quality documents are used directly, low-quality documents trigger re-

search, and ambiguous results trigger query refinement [18]. Structured RAG (SRAG) 

enriches vector representations with structured metadata injected at indexing time, 

improving retrieval precision for analytical and comparative queries [19]. The two 

approaches are complementary: SRAG improves retrieval quality from the indexing 

stage onward, while CRAG provides a correction layer for cases in which retrieval still 

fails at inference time. 

This paper makes two technical contributions realized as artifacts of a Smart HR 

system. First, a closed-domain CRAG adaptation (C1) that replaces the web-search 

fallback on the INCORRECT path with re-retrieval against the same curated Qdrant 

knowledge base, so that every answer remains auditable and confined to standardized 

knowledge. Second, a flan-t5-large retrieval evaluator trained with a same-chapter hard-

negative strategy (C2), which teaches the model to discriminate relevance at the query 

level rather than at the chapter-topic level, a prerequisite for a reliable CRAG verdict 

mechanism on a curated knowledge base such as Armstrong’s Handbook. Both 
contributions are implemented across three HR domains, and a three-variant ablation 

study (Naive RAG, SRAG-only, and the closed-domain CRAG adaptation) is used to 

empirically quantify their effect using the RAGAS and LLM-as-Judge frameworks. 

The system is developed following the Design Science Research Methodology 

(DSRM) (Peffers et al., 2007); Fig. 1 summarizes how its six activities are instantiated 

in this work. 

 
Fig. 1  Instantiation of the six Design Science Research Methodology (DSRM) activities 

(Peffers et al., 2007) in this work. Teal tags mark the two technical contributions (C1: closed-

domain CRAG adaptation; C2: T5 hard-negative evaluator); dashed arrows denote DSRM 

iteration from evaluation back to design and demonstration. 
The remainder of this paper is organized as follows. Section 2 reviews related work 

on RAG, CRAG, SRAG, and agentic RAG architectures. Section 3 presents the problem 

analysis and the design of the closed-domain CRAG adaptation and the SRAG 

comparison layer, including the ablation design and hypotheses. Section 4 describes the 

implementation. Section 5 reports the experimental results. Section 6 discusses the 

findings and limitations, and Section 7 concludes with contributions and future work. 
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2 Related work 

2.1 HRM Challenges in SMEs and the Case for Smart HR 

Human Resource Management (HRM) is a strategic, integrated approach to 

managing, developing, and supporting the well-being of an organization’s workforce, 
spanning resourcing, learning and development, performance management, reward 

management, and employee relations [15]. This paper evaluates three of these functions 

(recruitment, performance management, and career development), which prior studies 

consistently identify as the most informally managed functions in MSMEs [2, 5, 6]. 

Conventional HRIS automate transactional record-keeping and payroll-adjacent 

workflows [8, 9, 20], including Electronic HRM self-service portals [21], but remain 

rule-based and non-conversational: they store transactional data rather than conceptual 

HRM knowledge and cannot answer open-ended questions such as “how should a 
competency framework be structured for a technology SME?” This gap between 
available HRIS data and the knowledge managers need to make quality HR decisions 

motivates an AI/RAG-based approach. Smart HRM, the application of AI to increase 

the effectiveness and accuracy of HR processes [12, 13], offers a path to democratize 

access to HR knowledge without requiring a large in-house HR department. 

2.2 Retrieval-Augmented Generation 

Large Language Models (LLMs) are transformer-based models trained on internet-

scale corpora, capable of natural-language understanding and generation, multi-step 

reasoning, and zero- or few-shot task completion via in-context learning [16]. Their 

central weakness is hallucination: linguistically confident but factually ungrounded 

output [18], a serious risk in knowledge-intensive domains such as HRM, where a 

hallucinated KPI procedure or promotion recommendation carries real consequences. 

Metropolitansky and Larson [17] further distinguish closed-domain hallucination, 

where a model still produces unsupported claims despite being grounded in a supplied 

source document, and show that pipelines with multiple generative steps are more 

susceptible to this failure mode. 

Retrieval-Augmented Generation (RAG) mitigates hallucination by grounding 

generation in an external knowledge base [14], combining parametric memory (the 

LLM’s weights) with non-parametric memory (a retrievable corpus). Formally, Lewis 

et al. express the probability of generating response y given query x under the RAG-

Sequence model as 

 

 
(1) 

where pη(z|x) is the retriever (parameters η) that returns a distribution over the k 
documents z most relevant to query x, and pθ(y|x,z) is the generator (parameters θ) that 



 

produces the response from the query and the retrieved context. The right-hand side 

factorizes the response probability into a product of per-token probabilities conditioned 

on x, the document z, and the preceding tokens, with N the response length; the RAG-

Sequence model uses the same latent document for the entire response, unlike RAG-

Token, which may use a different document per token. Gao et al. [16] trace RAG’s 
evolution from Naive RAG (index, retrieve, and generate with no quality control), 

through Advanced RAG (pre-/post-retrieval techniques such as query rewriting and re-

ranking), to Modular RAG, which allows retrieval, augmentation, and generation 

components to be independently configured. CRAG and SRAG, discussed next, are 

Modular RAG variants that specialize in retrieval quality. 

2.3 Corrective RAG (CRAG) 

CRAG [18] adds a retrieval evaluator that scores each retrieved document and 

triggers one of three actions: CORRECT (at least one document scores above the upper 

threshold; the system applies a decompose-filter-recompose knowledge-refinement 

procedure), INCORRECT (all documents score below the lower threshold; the original 
design discards retrieval and falls back to open web search), and AMBIGUOUS (score 

falls between the thresholds; refinement and web search are combined). Formally, 

 
(2) 

where x is the query, D the retrieved documents, and k the final context passed to the 

generator. CRAG improves consistently over standard RAG on open-domain QA 

benchmarks, particularly when retrieval quality cannot be guaranteed [18], a condition 

common to knowledge-intensive domains such as HRM. 

2.4 Structured RAG (SRAG) 

SRAG [19] improves chunk vector representations by injecting LLM-generated 

structured metadata (topics, chunk type, sentiment, knowledge-graph triples, and 

semantic tags) prior to embedding, so that both chunks and queries are represented in 

an enriched space rather than relying on surface-level similarity alone. The enriched 

representation is 

 ei = ti ⊕ Topics (ti) ⊕ Type (ti) ⊕ KGTriples (ti) ⊕ Tags (ti),  
(3) 

where ti is the original chunk text. On a financial question-answering benchmark, 

SRAG improved LLM-as-Judge scores by 30% overall (p = 2 × 10−13), with the largest 
gains on comparative (+38.2 points), analytical (+28.7 points), and predictive (+31.15 

points) queries, the same query types that dominate the recruitment and career-

development domains evaluated in this paper. The original ablation also reports an 
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asymmetric risk profile (mean gain +51.76 points vs. mean loss −1.95 points when 
SRAG underperforms), motivating its use as a low-risk retrieval-quality lever. 

2.5 Closed-Domain Question Answering and Agentic RAG 

Question-answering systems are commonly divided into open-domain QA, which 

answers factual questions from a large, unrestricted corpus such as Wikipedia [22], and 

closed-domain QA, which operates over a defined, curated knowledge base [23]. The 

Smart HR system in this paper is a closed-domain QA system: it answers exclusively 

from Armstrong’s Handbook (16th edition), which makes the original CRAG’s open-

web fallback architecturally unsuitable, motivating the closed-domain adaptation 

presented in Section 3. 

Agentic RAG architectures integrate autonomous agent decision-making into the 

RAG pipeline, allowing a system to evaluate retrieval results and adapt its strategy 

rather than following a fixed retrieve-read-generate path [24]. This paper adopts a two-

tier multi-agent pattern: an orchestrator agent classifies and routes a query to a domain-

specialist agent (recruitment, performance, or career development), and each domain 

agent invokes the closed-domain CRAG adaptation mechanism as a retrieval tool. 

Within the CRAG sub-workflow, the evaluate-correct-observe cycle follows the ReAct 

pattern of interleaving reasoning traces with tool actions [25]. 

3 Problem Analysis and Architecture Design 

Business-process mapping of MSME recruitment, performance management, and 

career-development workflows shows a common pattern: linear, manual hand-offs 

between the business-unit head, HR staff, employees, and (for recruitment) candidates, 

with no automation and no shared knowledge reference. Critical decisions such as 

competency criteria, selection methods, interview design, KPI definitions, appraisal 

criteria, and career-path recommendations depend entirely on individual, 

undocumented HR knowledge rather than a validated HRM reference, consistent with 

prior findings that MSME HR practice is informal and ad hoc [2, 5–7, 26]. A gap 

analysis using Critical-to-Quality (CTQ) criteria confirms one gap per domain, 

translated into functional and non-functional requirements emphasizing (i) answers 

grounded in a validated HR knowledge source, (ii) contextual multi-type query handling 

(comparative, procedural, predictive), and (iii) retrieval precision across query types. 

Solution selection proceeded through three successive Weighted Scoring Model 

(WSM) decisions, each narrowing the design space. First, at the technical paradigm 

level, fine-tuning an LLM on HR data, a retrieval-free (“Naive”) LLM, and Retrieval-
Augmented Generation were compared: RAG was selected because it requires no 

retraining when HR knowledge is updated (unlike fine-tuning [14]) and grounds every 

answer in a verifiable document (unlike a retrieval free LLM, which is prone to 

hallucination on a specialized domain such as HRM [18]), directly satisfying the non-

functional requirements for knowledge-grounded accuracy and source traceability 

derived from the CTQ gap analysis [16]. 

Second, within RAG, three retrieval architectures were compared using a WSM with 

weights closed-domain feasibility 40%, source auditability 30%, retrieval quality 20%, 

and implementation complexity 10% (closed-domain feasibility received the highest 

weight because it is a hard constraint: a system that depends on web search cannot 



 

satisfy source auditability at all). Naive RAG scored 2.60 (no retrieval-quality control), 

off-the-shelf CRAG (with its open-web fallback) scored 1.90, disqualified primarily on 

closed-domain feasibility and auditability; and a closed-domain CRAG adaptation 

scored 4.50, the highest, by retaining CRAG’s corrective mechanism while confining 
every fallback source to the curated Qdrant knowledge base. 

Third, within indexing, plain indexing (text and minimal structural metadata only) 

was compared against SRAG-enhanced indexing (LLM-generated chunk-type and 

semantic-tag metadata) using a WSM weighted toward semantic representation richness 

(40%) and contextual completeness (30%): plain indexing scored 2.50 and SRAG-

enhanced indexing scored 4.50, since chunk-type labels let the system associate a 

query’s information need (e.g., a procedural “how do I...” query) with the matching 
chunk type, a signal plain indexing lacks entirely. SRAG-enhanced indexing was 

therefore adopted, operating complementarily to the CRAG adaptation at a different 

pipeline layer (indexing versus inference); its actual marginal contribution to answer 

quality is tested empirically via the ablation study detailed below.  

 

3.1 System Overview 

The proposed system operates as a closed-domain QA system grounded exclusively 

in Armstrong’s Handbook (16th edition). It has two layers operating at different stages 
of the query lifecycle: an SRAG layer active at indexing time, and a CRAG layer active 

at inference time (Fig. 2). The system follows a two-tier multi-agent pattern: a domain 

orchestrator receives the user query and manages per-domain conversational context 

and invokes a CRAG sub-workflow as a tool to perform retrieval, quality evaluation, 

and correction. Separating the orchestrator from the CRAG sub-workflow allows either 

to be updated independently. 
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Fig.2 System overview of the Smart HR system: SRAG operates at the indexing layer and CRAG at the 

inference layer. 

 
3.1.1 SRAG Layer Design 

The SRAG layer enriches each chunk with LLM-generated metadata before 

embedding (Fig. 3), so that semantic search at inference time is more precise. Two 

adaptations were made relative to the original design [19], which targeted financial 

question-answering over corporate earnings reports. First, the sentiments metadata field 

was dropped: HR queries in this system are overwhelmingly factual or procedural, and 

the original paper explicitly notes that “sentiment is intrinsically less relevant for factual 
queries,” a finding corroborated by its own ablation (removing sentiment slightly 



 

improved scores by +0.63, p = 0.37, not significant). Second, the chunk type taxonomy 

was re-mapped from finance-oriented categories (quantitative, comparative, analytical, 

information lookup, informational, predictive) to a content-type taxonomy suited to an 

academic HRM handbook: conceptual (replacing factual, since HRM knowledge is 

largely conceptual rather than numeric), procedural (retained), comparative (retained), 

and two additions, evaluative (for performance-appraisal criteria and best practices) and 

example (for case studies).  

 

Fig.3 SRAG metadata-enrichment mechanism used at indexing time. 

 
The system stores the enriched text’s embedding vector but returns the clean chunk text 
as generator context (“embed enriched, retrieve clean”), so the generator is never 
distracted by metadata markup: 

 

Topics: topic1; topic2; topic3 
Type: chunk_type 
Concepts: subj1-pred1-obj1 | subj2-pred2-obj2 

Tags: tag1, tag2, tag3, tag4, tag5 
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[original chunk text] 

 
3.1.2 Closed-Domain CRAG Adaptation 

The CRAG layer verifies retrieval quality at inference time (Fig. 4). The original 

CRAG design assumes an open-domain setting with access to web search as a fallback 

source [18, 27]; on this system’s closed-domain knowledge base [23], an open-web 

fallback is unacceptable for two reasons: web content is off-domain and not 

standardized to Armstrong’s HRM terminology, and it cannot be guaranteed to originate 
from the validated reference, violating the source-auditability requirement. The 

corrective action is therefore adapted: on INCORRECT, the query is reformatted with 

a fixed HRM-context prefix (e.g., “human resource management framework principles: 
{query}”) and re-retrieved against the same Qdrant collection (rather than searched on 

the web); on AMBIGUOUS, the query is reformatted with a different fixed prefix 

(“HRM best practices: {query}”), re-retrieved, and the results are merged with the 

original retrieval and de-duplicated. The CORRECT path is unchanged from the 

original design. This adaptation (contribution C1) is the paper’s primary technical 
contribution: it preserves CRAG’s corrective mechanism while confining every 
answer’s provenance to the curated knowledge base. 

 

 
Fig.4 Closed-domain CRAG architecture: the INCORRECT and AMBIGUOUS paths re-retrieve against the 
same Qdrant collection instead of querying the open web.. 



 

3.1.3 T5 Retrieval Evaluator with Same-Chapter Hard Negatives 

The closed-domain CRAG adaptation requires a retrieval evaluator that 

distinguishes chunks that actually answer a query from chunks that merely share its 

topic. On a curated knowledge base such as Armstrong’s Handbook, nearly every 
retrieved chunk is topically relevant because the source corpus is already domain-

filtered; an evaluator trained only on topic similarity would classify almost everything 
as CORRECT, and the corrective mechanism would never trigger. This is addressed 

with model choice and training-data design (contribution C2). 

The evaluator is a fine-tuned google/flan-t5-large model. It reads a “query [SEP] 
chunk” pair and produces a single relevance score (a regression head trained with MSE 
loss): +1.0 when the chunk is relevant to the query and −1.0 when it is not, following 
the original CRAG evaluator design [18]. A local T5 model was chosen over LLM-

API-based judging for latency (milliseconds vs. hundreds of milliseconds per call), 

determinism (LLM judgments are probabilistic and can vary between calls on identical 

inputs), and cost (810 ablation inferences × per-pair evaluation would be API-cost-

prohibitive). The training set (2,271 labelled examples; 33.1% positive, 66.9% 
negative) combines six sources (Table 1), the key one being 600 same-chapter hard 

negatives: chunks drawn from the same chapter as a reference positive but that do not 

answer the query. Without this signal, a model tends to learn chapter-level topical 

similarity rather than query-level relevance. The 26.4% share of hard negatives is large 

enough to force query-level discrimination without dominating the negative-class 

distribution needed to also recognize domain- and cross-domain-level negatives. 

 
Table 1. Comparison of the features extraction & features matching result 

Source Label N Description 

Reference chunks Positive 375 Ground-truth chunks from Armstrong’s 
Handbook 

Retrieved overlap ≥60% 
Same-chapter hard 

negatives 

Positive 
Negative 

376 
600 

Verified-relevant retrieval results 
Same chapter, does not answer the query 

Same-domain, other chapter Negative 375 Medium-difficulty negative 

Cross-domain Negative 375 Easy negative 

Retrieved overlap 
<30% 

Negative 170 Verified-irrelevant retrieval results 

 

The two decision thresholds (θupper and θlower) are set automatically from the 
distribution of the model’s logit scores on the validation set, rather than set manually. 
A chunk is judged CORRECT when its logit is at least θupper, AMBIGUOUS when 
the logit falls between θlower and θupper, and INCORRECT when the logit is below 
θlower. 

 
3.1.4 Knowledge Base and Ablation Design 

Armstrong’s Handbook (16th edition; 83 chapters, 1,671 pages) is split into chunks 
by semantic chunking (about 500 tokens each, with a 50-token overlap). The chunks are 

spread across four domain collections: recruitment, performance management, career 

development, and a shared HRM-foundations collection. Each collection is stored 

twice, once as a plain variant and once as an SRAG-enriched variant, giving eight 
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Qdrant collections in total (1,032 chunks). The 500-token size is a deliberate balance: it 

is large enough to keep multi-paragraph procedures intact, yet small enough for precise 

retrieval, and it matches the typical subsection length of 300 to 700 words in the 

handbook. 

Three domains were chosen because they exhibit distinct epistemological profiles 

that stress different aspects of retrieval: recruitment is dominated by 

analytical/comparative queries requiring multi-aspect matching; performance 
management by evaluative/procedural queries where an incorrect procedural answer has 

direct employee impact; and career development by informational/predictive queries 
that often require cross-chapter context. 

To isolate the individual contribution of CRAG and SRAG against the Naive RAG 

baseline, a three-variant ablation is used (Table 2): Naive RAG (baseline), SRAG-only 

(isolating metadata enrichment), and the closed-domain CRAG adaptation (C1+C2, the 

paper’s primary contribution). 

 
Table 2. Three-variant ablation design. 

Variant Collection T5 evaluator Role 

Naive RAG plain No Lower baseline 

SRAG-only srag No Isolates metadata- 

enrichment contribution 

CRAG (adapted) plain Yes (C2) Primary C1+C2 contribution 

 

Two hypotheses are tested, using Faithfulness as the primary metric because it most 

directly reflects whether the retrieval/correction mechanism grounds the response in 

retrieved context: 

• H1. The closed-domain CRAG adaptation achieves significantly higher 

Faithfulness than Naive RAG, because relevance evaluation and corrective 

action filter out irrelevant chunks before generation. 

• H2. SRAG-only achieves significantly higher Faithfulness than Naive RAG, 

because structured metadata enrichment improves query-chunk vector 

alignment. 

The evaluation dataset comprises 270 synthetic queries (90 per domain), stratified into 

a dominant query type (54 queries) and a secondary type (36 queries) per domain, each 

domain’s dominant type matching its epistemological profile (Table 3). Each query is 

paired with an LLM-generated reference answer produced exclusively from the top-five 

retrieved chunks of Armstrong’s Handbook, with an explicit instruction confining the 
answer to that context. Reference-answer quality was verified on a stratified random 

10% sample (27 queries, proportional per domain and query type) against the handbook 

text through an AI-assisted check whose findings were all manually adjudicated: 21 

answers were fully accurate, 5 contained minor inaccuracies (composite quotations or 

explicitly flagged extrapolation), and 1 exceeded the source scope, with none 

contradicting the handbook. Exhaustive manual verification of all 270 reference 

answers was not performed; the implications of this limitation are discussed in Section 

6. 

 
Table 3. Query type distribution in the evaluation dataset (270 queries). 

Domain Dominant type (n) Secondary type (n) Total 



 

Recruitment Analytical (54) Comparative (36) 90 

Performance Mgmt. Evaluative (54) Procedural (36) 90 

Career Dev. Informational (54) Predictive (36) 90 

Total   270 

 

 

4 Experiment Results 

The system is deployed on a self-hosted Virtual Private Server using Docker. The 

n8n low-code workflow engine orchestrates the domain orchestrators and the CRAG 

sub-workflow via visual tool-call composition. Qdrant is used as the vector database for 

its per-collection payload filtering, needed to keep the eight ablation collections 

isolated. The bge-m3 embedding model (via Ollama) produces 1,024-dimensional 

multilingual vectors, bridging the mismatch between the English-language knowledge 

base and the predominantly Indonesian-language user queries. DeepSeek Chat serves 

as the generator and metadata-enrichment agent. The fine-tuned flan-t5-large evaluator 

is served as a FastAPI HTTP endpoint (port 8001), invoked for each retrieved query-

chunk pair during evaluation by the ablation script. Supabase (PostgreSQL) stores 

operational data (e.g., employee KPI records), and a Next.js frontend/backend provides 

the end-user conversational interface. 

4.1 Indexing Pipeline and SRAG Enrichment 

Armstrong’s Handbook is extracted from a text-extractable PDF into 1,671 pages 

across 83 chapters, each chapter mapped to one of four domain collections, then 

chunked (500 tokens, 50 token overlap, cl100k_base tokenizer) into 1,032 chunks 

(recruitment 95, performance management 122, career development 104, foundations 

711). For every chunk, a DeepSeek Chat agent extracts four metadata fields (topics, 

chunk type, knowledge-graph triples, semantic tags; the sentiments field from the 

original SRAG design is intentionally omitted, as discussed in Section 3.3). The 

resulting enriched_text is embedded with bge-m3 and stored in the *_srag collections, 

while the *_plain collections store embeddings of the unmodified chunk text. Both 

collection payloads retain the clean chunk text, so the generator always receives 

unenriched context regardless of which vector space was searched. 

4.2 Closed-Domain CRAG Implementation 

The fine-tuned flan-t5-large evaluator reached 91.8% validation accuracy, with 

automatically derived verdict thresholds of θupper = −0.55 and θlower = −0.65. At 
inference, the CRAG sub-workflow routes each query-chunk pair through one of three 

paths: CORRECT chunks proceed to Knowledge Refinement (decompose into 

sentence-level strips, capped at 15 per chunk, re-score each strip with the same T5 

evaluator, and recompose the surviving strips); INCORRECT reformats the query with 
the fixed prefix “human resource management framework principles: {query}” and re-

retrieves on the plain collection; AMBIGUOUS reformats the query with the fixed 
prefix “HRM best practices: {query}”, re-retrieves, and merges the result with the 

original retrieval, de-duplicated. This is the operational realization of contribution C1: 
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every fallback path stays inside the closed Qdrant knowledge base instead of querying 

the open web.  
 

4.3 Multi-Domain Orchestration and Operational Data Integration 

Three separate n8n workflows implement one orchestrator per HR domain, each 

with a domain-specific system prompt and conversational context, all calling the same 

CRAG sub-workflow as a tool with a domain-appropriate Qdrant collection parameter. 

This realizes a hierarchical agentic RAG pattern: the orchestrator plays the role of the 

router/master agent, and the CRAG sub-workflow the specialized retrieval sub-agent 

[24]. For the performance-management domain, an additional Supabase tool retrieves 

company-specific employee KPI records (table employee_kpi), which the orchestrator 

combines with normative guidance retrieved from Armstrong’s Handbook, so responses 
can be grounded in both real operational data and standardized HRM practice. Fig. 5 

shows example interactions with the deployed system across the three domains, each 

answer grounded in Armstrong’s Handbook. 

       

 
(a) 



 

 
(b) 

 
(c) 
 

Fig. 5  Example interactions with the deployed Smart HR system across the three HR domains, 

each answer grounded in Armstrong’s Handbook (16th edition): (a) recruitment, (b) 
performance management, and (c) career development. 
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4.4 Ablation Environment 

The three ablation variants are implemented as selectable pipeline configurations 

rather than duplicated workflows: Naive RAG embeds the raw query and searches the 

plain collection with no evaluator; SRAG-only embeds an enrich_query() 

representation (matching the chunk’s Topics/Type/Concepts/Tags format) and searches 
the srag collection with no evaluator; and the CRAG variant searches plain, scores 
results with the T5 evaluator, and applies the corrective action matching the verdict. All 

three variants are run against the same 270-query dataset, producing 810 total inferences 

for the analysis in Section 5. The T5 evaluator is used in full for every CRAG inference 

in this ablation via the FastAPI endpoint. In the production n8n deployment on a four-

vCPU CPU-only VPS, however, flan-t5-large inference takes about 63 s per chunk, so 

the production evaluator is substituted with a zero-temperature LLM prompt that yields 

the identical CORRECT/AMBIGUOUS/INCORRECT verdict schema; the reference 

T5-evaluator configuration is included in the repository as a workflow ready to activate 

on adequate hardware. This latency constraint is consistent with the latency trade-off 

discussed in Section 6. 

4.5 Evaluation Procedure 

RAGAS [28] Faithfulness, Answer Relevancy, Context Precision, and Context 

Recall, and LLM as-Judge [29] Accuracy, Completeness, and Hallucination (0 to 10 

scale; lower Hallucination is better) are reported, together with per-query Latency and 

the Corrective Action Rate (CAR), the share of CRAG queries that trigger an 

AMBIGUOUS or INCORRECT verdict (CAR is 0 by construction for Naive RAG and 

SRAG-only, which have no evaluator). Hypotheses H1 and H2 are tested with a two-

sided paired Wilcoxon signed-rank test (α = 0.05) on Faithfulness, at n = 90 per domain 
and n = 270 pooled across domains, with Cohen’s d effect sizes (small ≥ 0.2, medium 
≥ 0.5, large ≥ 0.8). A Kruskal-Wallis test supplements the paired comparisons as a 

simultaneous three-variant check. 

4.6 Quantitative Results 

Table 4 reports results per variant and domain, and Table 5 the three-domain averages. 

 
Table 4. Evaluation results per variant and domain (n=90 per cell; R = Recruitment,  
P = Performance, C = Career; Hallucination on a 0 to 10 scale, lower is better). 

Variant Dom. Faith. Ans.Rel. Acc. Comp. Hall. CtxPrec. CtxRec. 

Naive R 0.618 0.965 8.80 7.60 1.30 0.367 0.585 

Naive P 0.642 0.961 8.56 7.17 1.53 0.429 0.558 

Naive C 0.585 0.955 8.73 7.23 1.64 0.558 0.469 

SRAG R 0.697 0.969 8.20 6.97 1.84 0.327 0.526 

SRAG P 0.636 0.964 7.86 6.50 2.08 0.330 0.429 

SRAG C 0.581 0.967 8.12 6.76 2.04 0.524 0.415 

CRAG R 0.793 0.970 8.13 6.71 1.86 0.420 0.585 

CRAG P 0.765 0.971 8.07 6.84 1.50 0.446 0.544 



 

CRAG C 0.714 0.956 8.30 6.82 1.80 0.558 0.452 

 

 
Table 5. Mean evaluation results per variant (n=270, three domains pooled). 

 

Variant 

CAR 

Faith. Ans.Rel. Acc. Comp. Hall. CtxPrec. CtxRec. Lat.(s) 

Naive 0.615 0.960 8.70 7.33 1.49 0.451 0.537 21.9 

0.00 

SRAG 0.638 0.967 8.06 6.74 1.99 0.394 0.457 18.7 

0.00 

CRAG 

0.28 
0.757 0.966 8.17 6.77 1.72 0.475 0.527 42.1 

 
Table 6 summarizes the Wilcoxon signed-rank test for H1 and H2. H1 is confirmed: 

the closed-domain CRAG adaptation achieves significantly higher Faithfulness than 

Naive RAG (p < 0.001, d = 0.457, medium effect), and this holds in every domain 

individually (Table 7: Recruitment d = 0.561, Performance d = 0.397, Career d = 0.413). 

H2 is not confirmed: SRAG-only does not significantly outperform Naive RAG on 

Faithfulness (p = 0.388, d = 0.071); in Performance and Career, SRAG-only’s mean 
Faithfulness is in fact marginally lower than Naive RAG (0.636 vs. 0.642 and 0.581 vs. 

0.585). 
Table 6. Mean evaluation results per variant (n=270, three domains pooled). 

Hyp. Comparison Metric p Cohen’s Status 

H1 CRAG vs. Naive Faithfulness < 

0.001 

+0.457 Confirmed 

H2  SRAG-only vs. Naive Faithfulness 0.388 +0.071 Not confirmed 

     

 

Table 7. H1 results per domain: CRAG vs. Naive RAG (Faithfulness) 

Domain Mean 

CRAG 

Mean 

Naive 

p Cohen’s d 

Recruitment 0.793 0.618 < 

0.001 

+0.561 

Performance 0.765 0.642 0.004 +0.397 

Career Dev. 0.714 0.585 0.003 +0.413 

Exploratory per-metric, per-domain analysis (beyond the two formal hypotheses) 

additionally shows that CRAG significantly suppresses Hallucination relative to SRAG 

in the Performance domain (1.50 vs. 2.08, p = 0.035, d = −0.331), consistent with the 
role of Knowledge Refinement in filtering context, that SRAG-only approaches 

significance against Naive RAG in Recruitment (0.697 vs. 0.618, p = 0.063), and that 

both augmented variants (CRAG and SRAG) show significantly lower LLM-as-Judge 

Accuracy than Naive RAG across all domains (p ≤ 0.020, d between −0.28 and −0.75), 
discussed further below. 
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5 Discussion and future work 

5.1 Indexing Pipeline and SRAG Enrichment 

H1’s medium effect size (d = 0.457, p < 0.001) and its consistency across all three 
domains (d = 0.561, 0.397, 0.413) indicate that the Faithfulness gain reflects a stable 

contribution of the corrective mechanism rather than an artifact of a single domain. The 

mean CAR of 0.28 (Table 5) is itself evidence that the T5 evaluator functions as 

designed: on a curated knowledge base such as Armstrong’s Handbook, an evaluator 
that only learns chapter-level topic similarity would classify nearly everything as 

CORRECT and CAR would be close to zero. A CAR of 0.28 shows the same-chapter 

hard-negative strategy (Section 3.5) successfully taught query-level discrimination, 

allowing the corrective mechanism to actually trigger. 

RAGAS Context Precision and Context Recall (Table 5) reinforce this interpretation. 

CRAG and Naive RAG show comparable Context Precision and Context Recall 

(CRAG: 0.475/0.527; Naive: 0.451/0.537), so the substantial Faithfulness gap (0.757 
vs. 0.615) cannot be attributed to better initial retrieval quality. This indicates that 

CRAG’s Knowledge Refinement mechanism, rather than superior initial retrieval, is the 
primary source of the Faithfulness improvement.  

 

5.2 Metadata Enrichment Alone Is Insufficient 

H2’s rejection (p = 0.388, d = 0.071) is not merely a null statistical result; it exposes 
a structural limitation of SRAG without a relevance-evaluation layer. Structured 

metadata enrichment pulls in chunks that are topically related to a query but does not 

guarantee that the retrieved chunk specifically answers it. Without an evaluator to make 

that distinction, the generator receives more varied but not necessarily more accurate 

context, consistent with SRAG-only’s higher Hallucination score (1.99) relative to 

Naive RAG (1.49), suggesting that more varied context gives the generator more room 

to fill informational gaps with claims not fully grounded in the retrieved content [19]. 

In a closed-domain system with an already-curated knowledge base, this suggests that 

investing in metadata enrichment alone does not measurably improve answer quality 

unless paired with a relevance-evaluation layer. 

 

5.3 Faithfulness vs. Accuracy Trade-off 

Both CRAG and SRAG show significantly lower LLM-as-Judge Accuracy than 

Naive RAG (p ≤ 0.020, d between −0.28 and −0.75), so CRAG’s Faithfulness gain 
comes with an Accuracy cost. This follows from the differing definitions of the two 

metrics: Faithfulness measures the share of claims traceable to retrieved context, while 

LLM-as-Judge Accuracy scores factual correctness holistically, including knowledge 

not necessarily present in the retrieved context. CRAG’s Knowledge Refinement trims 
context to what is judged relevant, producing answers more faithful to the source but 

potentially less complete from a holistic-judge perspective; Naive RAG’s wider, 
unfiltered context gives the generator more background information, raising perceived 

Accuracy at the cost of traceability. For an SME HR system, Faithfulness is arguably 

the more critical property: an unverifiable answer carries a larger compliance risk than 

an answer limited to what is available in Armstrong’s Handbook. 



 

5.4 Limitations 

SRAG-only approaches significance only in Recruitment (p = 0.063), suggesting 

its benefit may be more measurable for domains with highly variable comparative 

terminology; this warrants a larger sample or a query design more targeted at the query 
types metadata enrichment is expected to help most. The evaluation has two further 

limitations. First, all evaluation queries are synthetic, LLM-generated queries, so their 

distribution may not fully reflect the variation of real queries from MSME HR staff. 

Second, validation from an HR practitioner’s perspective (whether the differences 
measured automatically are also meaningful for real decision-making in an MSME 

context) was not conducted within the scope of this paper, due to time and evaluator 

access constraints; only one LLM provider (DeepSeek Chat) is evaluated as well. 
 

5.5 Conclusion and Future Work 

This paper proposed and evaluated a closed-domain adaptation of Corrective RAG 

combined with a Structured RAG metadata-enrichment layer for a multi-agent Smart 

HR system spanning recruitment, performance management, and career development, 

grounded exclusively in Armstrong’s Handbook of HRM Practice (16th edition) [15]. 
Two technical contributions were realized: (C1) a closed-domain CRAG adaptation that 

replaces the original web-search fallback with re-retrieval against the same curated 

Qdrant knowledge base, and (C2) a flan-t5-large retrieval evaluator trained with a same-

chapter hard-negative strategy so that it discriminates query-level, not merely chapter-

level, relevance. The corrective mechanism was shown to be operationally active, with 

a mean Corrective Action Rate of 0.28. 

A three-variant ablation study (n = 90 per domain, 810 inferences) confirmed one 

of two hypotheses at α = 0.05: the closed-domain CRAG adaptation achieves 

significantly higher Faithfulness than Naive RAG across all three domains (H1, p < 

0.001, d = 0.457), while SRAG-only metadata enrichment alone does not (H2, p = 

0.388, d = 0.071). Both augmented variants show a consistent trade-off of lower LLM-

as-Judge Accuracy relative to Naive RAG. Together, these results indicate that C1 (the 

closed-domain CRAG adaptation) is the primary contributor to improved Faithfulness, 

C2 (the T5 hard-negative evaluator) is the enabling component that lets C1 operate 

reliably, and metadata enrichment without a relevance-evaluation layer is not, by itself, 

sufficient to improve closed-domain answer quality. CRAG’s effect is also domain-

dependent, strongest in Recruitment (d = 0.561), whose comparative queries most 

require precise source grounding. 

Future work should (i) enlarge the sample size and extend to additional HR domains 

to strengthen generalizability, particularly for the smaller observed effects; (ii) explore 
mechanisms, such as generation-prompt adjustments or blending original and corrected 

context, to mitigate the Faithfulness/Accuracy trade-off; (iii) explore per-domain 

adaptive CRAG configuration, given that the H1 effect size varies across domains; and 
(iv) add a fourth ablation variant combining SRAG and the CRAG adaptation. This 

paper deliberately keeps SRAG and CRAG isolated so their individual contributions 

can be attributed cleanly; H2’s rejection shows SRAG has no significant effect on its 
own, but whether SRAG’s richer indexing-time representation strengthens the T5 

evaluator’s discrimination at inference time, that is, whether the two mechanisms 

interact rather than merely coexist, remains untested. 
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