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Abstract

Generative artificial intelligence-based chatbot systems are increasingly used to support 
information provision and customer service processes; however, their reliability strongly 
depends on the underlying architecture and the availability of domain-specific knowl-
edge. This study compares a zero-shot baseline chatbot relying solely on parametric model 
knowledge with a Retrieval-Augmented Generation architecture connected to an external 
document-based knowledge base. The experimental system was implemented using the n8n 
automation platform, GPT-4o-mini, OpenAI embeddings, and a ChromaDB vector database. 
The architectures were evaluated through information retrieval metrics, including Recall@k, 
Precision@k, and Mean Reciprocal Rank, as well as automated response quality assessment 
focusing on relevance, contextual accuracy, and hallucination. The results indicate that RAG 
improves factual grounding and reduces hallucination in document-based information 
systems, while baseline models may provide more fluent responses. The findings support 
architecture selection for reliable generative chatbot deployment.

Keywords: generative artificial intelligence; chatbot architecture; retrieval-augmented 
generation; customer support; information retrieval; hallucination; vector database

1. Introduction
Generative artificial intelligence has become a practical component of modern infor-

mation provision and customer support systems [1]. Large language models can generate 
coherent and context-sensitive responses. They are also efficient in adapting to a user’s 
phrasing and reducing the cognitive effort needed for searching through documents. This 
ability is especially valuable in support use cases, where users expect immediate answers to 
questions about policies, processes and technical or administrative information. However, 
this generative flexibility can also raise serious reliability issues. A model may produce 
plausible statements that are not based on a genuine source [1–3].

The architectural design of a chatbot directly affects its factual reliability. A simple 
baseline model generates its answers based on the model’s parametric memory encoded in 
its weights. This approach is simply implementable and can return fluent responses with low 
latency, but its knowledge is static and difficult to verify. In contrast, Retrieval-Augmented 
Generation (RAG) combines the abilities of an LLM with an external, non-parametric 
knowledge source [4,5]. In a RAG system, relevant document segments are retrieved from 
an indexed corpus, which is then forwarded to the model as context before generation. This 
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makes the response more strongly dependent on the available evidence and can reduce 
hallucination in knowledge-intensive tasks [2–4].

This distinction is especially important in document-based customer support scenarios. 
In such environments, relevant knowledge may frequently be narrow, field-specific and 
prone to changes. General LLM knowledge might be insufficient, deprecated or inconsistent 
with the authoritative documentation. Furthermore, the complete retraining of the model 
after every slight change in information is costly and might even be unjustified. This is 
especially true if the primary task is efficient information retrieval rather than stylistic 
adaptation [3,4]. RAG offers a compromise by allowing modification of the knowledge base 
without needing to retrain the model.

Existing studies and comparisons often evaluate RAG in a wide, knowledge-heavy 
environment or focus on such component-level developments as information retrieval, 
reranking or evaluation metrics [3]. Less emphasis is put on compact support scenarios 
where the knowledge base corpus might be smaller, but factual accuracy is critical. In these 
cases, the central problem is not general searching but a compromise between a fluent LLM 
and a model constrained in its retrieval capabilities, which might answer more cautiously.

This study presents the comparative evaluation of two generative AI chatbot architec-
tures. The first one is a zero-shot baseline architecture. The second architecture is RAG 
connected to an external document-based knowledge base. The aim of the study is to 
examine how the integration of a retrieval component influences information retrieval per-
formance, response relevance, contextual accuracy and hallucination behavior. The paper 
contributes a compact experimental framework for comparing the mentioned workflows 
under identical model and question conditions. The emphasis during the comparison was 
put on measurable trade-offs between simplicity, fluency, factual grounding and scalability. 
This study differs from broader benchmark studies as it focuses on a small document-based 
knowledge base, while interpreting information retrieval metrics alongside response-level 
behavior. The most important finding is that efficient retrieval reduces hallucination. De-
spite that, automated response quality evaluators favor the fluency of standard LLMs.

2. Materials and Methods
The experiment was designed as a controlled comparison between the two architectures. 

The same generator model and validation set were used. The first architecture was a 
zero-shot baseline LLM that generated answers without external context. The second 
architecture was a RAG system that retrieved relevant chunks of the external knowledge 
base using them as context for response generation. Both workflows were implemented 
on the n8n automation platform for seamless repeatable execution and data export. It 
also made integration with external services effortless, which proved useful for vector 
database operations.

2.1. The Corpus
The source of the specialized knowledge base was a concise document corpus. The 

original material consisted of 80 pages of unstructured text and mixed informational content. 
The corpus was intentionally treated as a narrow knowledge base. With this approach, 
the experiment could focus on the architecture and give a realistic picture of small corpus 
support systems. Providing a statistically representative benchmark across all domains was 
not intended.

2.2. Validation and Dataset
For the evaluation of both information retrieval and response generation, a validation 

dataset was created from 40 manually selected questions. The questions were of four distinct 
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categories: factual, procedural, complex and non-answerable. With this structure, short 
factual questions, explanation of multi-step procedures, and synthesis of information from 
multiple chunks were covered. It also made testing answer refusal possible when no context 
can be provided from the external knowledge base. Table 1 summarizes the composition of 
the validation dataset.

Table 1. The composition of the validation set.

Question Type Number of Questions Evaluation Purpose

Factual 16 Specific facts, names, values, 
locations, and dates

Procedural 12 Multi-step instructions and 
administrative processes

Complex 8 Synthesis of information from 
multiple document segments

Non-answerable 4 Detection of missing evidence and 
controlled refusal

2.3. Corpus Preprocessing and Chunking
During preprocessing, the base text was segmented into chunks of 250–500 words 

utilizing a recursive, character-based strategy. To maintain semantic continuity throughout 
chunk boundaries, an overlap of 10–15% was used. Every chunk was stored alongside a 
unique chunk ID, a chunk title, and a section-level index. Storing the metadata was vital to 
enable the generated answer and the retrieved information to be evaluated separately.

The chosen chunk size was a compromise between retaining context and retrieval 
precision. Smaller chunks might improve specificity but can separate an answer from its 
context. Larger chunks help retain context but can cause noise and unnecessary tokens. The 
above-mentioned overlap reduced boundary loss without inducing excessive duplication. 
The value of top-k was fixed at three to maintain comparability across questions.

2.4. Baseline Architecture
Baseline architecture meant the simplest generative configuration. The validation 

questions were loaded from a CSV file on Google Drive, which was converted to JSON 
objects through n8n. Then, each question was forwarded to a basic LLM chain connected to 
a GPT-4o-mini model. No external context, document retrieval or vector database query 
was used. The output was merged with the metadata of the original question, then exported 
in a CSV file for later evaluation.

This architecture was chosen to represent a low-complexity support chatbot that relies 
solely on its internal parametric memory. Its expected architectural advantages are simple 
deployment, lower operational cost, shorter execution path, and fluent language generation. 
Runtime latency and operational cost were not measured in this study; thus, the mentioned 
advantages are expectations concluded from the architecture’s simpler workflow rather 
than empirical results. Its main limitation is the absence of grounding in the authoritative 
document corpus, which may lead to misinterpretation or hallucination when the requested 
information is domain-specific or not present in the model’s training data.

2.5. Retrieval-Augmented Generation Architecture
The RAG architecture extended the baseline workflow with an external non-parametric 

memory. The pre-processed chunks were imported from a JSONL file and stored in Chro-
maDB. OpenAI’s text-embedding-3-small model was used to embed both the document 
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chunks and the incoming user questions in the same vector space. For each validation 
question the top three most relevant chunks were retrieved. Those were then forwarded to 
gpt-4o-mini alongside the original questions.

A parallel metadata extraction branch had to be made, as the default question answer 
chain did not make retrieving source identifiers possible. The branch queried the vector 
storage and collected the chunk identifiers used for evaluation. Then, the generated answer, 
the original question’s metadata and the retrieved chunk identifiers were merged and 
exported. That approach made separately evaluating the retriever component possible.

Figure 1 presents the experimental workflow. The baseline path sends the question 
directly to the generator, whereas the RAG path first performs embedding-based retrieval 
and uses the selected document chunks as grounding context. The same generator model 
was used in both paths to isolate the effect of the retrieval component.

Figure 1. Experimental workflow used to compare the baseline and RAG chatbot architectures.

2.6. Evaluation Metrics
During evaluation, both the retrieval process and the generation quality were taken 

into consideration. Retrieval quality was measured by Recall@k, Precision@k and Mean 
Reciprocal Rank (MRR). Recall@k measures whether relevant chunks appear among the 
first k retrieved results. Precision@k measures the proportion of retrieved chunks that 
are relevant. MRR focuses on the rank of the first relevant result. It is especially useful 
if the response depends on whether the required evidence appears early in the context 
window [6]. A manual relevance mapping was created, on which the evaluation was 
based. A chunk was marked relevant if it contained a direct answer for a factual question, 
contained a crucial step for a procedural question or contained a useful piece of information 
for answering a complex question. The questions were made for the document corpus; thus, 
in the case of non-answerable questions, no chunk was marked as relevant.

The generated answers were assessed by an automated “LLM-as-a-judge” procedure, 
using the gpt-4o-mini model, which was also used for generation. Model temperature 
was set to 0 for smaller sampling variability. The evaluator prompt contains the original 
question, the baseline answer, the RAG answer and evaluation guidelines that explain the 
three dimensions being assessed: relevance, contextual accuracy and hallucination [7]. 
In each dimension, a value of 1 indicated an advantage for RAG, a −1 an advantage for 
baseline and 0 indicated a tie. Exported values are processed with the help of a Python 
3.14 script to calculate aggregate scores. This provides a scalable annotation. Alongside the 
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aggregate scores, the decisions were grouped by question category to provide a breakdown 
of the scores by category using the same method.

The evaluation method also accounted for biases. Automated evaluators might favor 
fluent, detailed answers, even if those answers lack factual grounding. This so-called 
verbosity bias can penalize the concise answers or the rejection of answers in the RAG 
architecture, even though these are beneficial in customer support scenarios [8,9].

3. Results
The retrieval component of the RAG architecture performed strongly on the validation 

set. Table 2 presents the evaluation results for the top three retrieved chunks. The Recall@3 
value of 0.9468 indicates that the system was able to retrieve the required context in almost 
all answerable cases. The MRR value of 0.9306 indicates that most of the time, the first 
relevant segment was ranked in either the first or second position. The lower Precision@3 
value is attributable to the metric’s mathematical characteristics. The retriever component 
had to return with exactly three chunks, even when there was only one relevant chunk.

Table 2. Retrieval evaluation results for RAG architecture.

Metric Value Interpretation

Recall@3 0.9468 The relevant context was retrieved in nearly all cases
Precision@3 0.3981 Lower value caused by fixed retrieval of three chunks

Mean Reciprocal Rank 0.9306 The first relevant chunk was usually highly ranked

The results of the retrieval component evaluation of the RAG pipeline demonstrate 
its ability to select relevant evidence, particularly in factual and procedural scenarios. The 
underlying behavior seems to differ among different question types. In case of factual 
questions, the retriever usually identified only one highly relevant chunk, containing the 
required value, name, place, or date. This behavior explains the high MRR value, as the 
chunk containing the relevant information was ranked first or second place most of the time. 
In cases of procedural questions, multiple chunks could contain useful information, as the 
answer frequently required the synthesis of information from multiple chunks. In these 
scenarios, the retrieved context sometimes contained adjacent or supporting fragments, 
leading to a lower Precision@3 value, but helped procedural continuity.

Information retrieval for complex questions became more difficult, as generating a 
precise answer required the synthesis of information from multiple chunks. The fixed top 
3 setting was a compromise. Although the probability of the retrieval was increased, it 
introduced a secondary, more general context. Thus, the lower Precision@3 value should 
not be seen as a direct retrieval fault. It primarily reflects the architectural design decision 
that three chunks must be retrieved, even if only one question would be sufficient.

An important operational difference is that RAG architecture makes the selection of 
relevant information unambiguous and measurable. The baseline model in the absence 
of the retrieval step is not capable of separating corpus-based information from general 
parametric information. In contrast, RAG enables tracing errors to retrieval faults, the 
document’s lack of coverage or generational faults. This makes the system more transparent 
and easier to debug; however, it increases its complexity at the same time.

The automated response quality comparison produced more mixed results. As shown 
in Table 3, the baseline model received a slight advantage in relevance and a larger advantage 
in contextual accuracy according to the automated judge. However, the RAG model showed 
a clear advantage in the hallucination dimension. This indicates that the baseline model 
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generates more fluent and verbose responses, while RAG is more conservative and grounds 
its answers in the document corpus.

Table 3. Automated comparison of generated responses. Positive values indicate RAG advantage; 
negative values indicate baseline advantage.

Evaluation Dimension Aggregate Value Observed Tendency

Relevance −0.1 Slight baseline advantage

Contextual accuracy −0.5 Baseline favored by the 
automated judge

Hallucination +0.5 RAG advantage due to stronger 
grounding

The per-category breakdown of the scores, shown in Table 4, provides a more nuanced 
image of the aggregate results. In factual and procedural questions, direct and stepwise 
information provision capability was tested. Answering complex questions required the 
synthesis of information from multiple chunks. The non-answerable category was intro-
duced to test answer refusal behavior. Considering the size of the last category, the values 
should be interpreted qualitatively rather than quantitatively.

Table 4. Automated comparison of generated responses per question category. Positive values indicate 
RAG advantage; negative values indicate baseline advantage.

Metric Factual Procedural Complex Non-
Answerable

Relevance 2 −4 2 −4
Contextual accuracy −6 −10 0 −4

Hallucination 6 10 0 4

The manual review of the output provided an important explanation for these values. 
The baseline model generally provided longer, more verbose answers with broader con-
textual framing. In cases of non-answerable or domain-specific questions, this behavior 
increased the risk of hallucination, as the model tried to provide an answer without any 
factual grounding from the document corpus.

In contrast, the RAG model showed the opposite tendency. With clear, retrieved 
evidence, the system provided answers that were grounded in the knowledge base. When 
evidence was incomplete, it usually gave short answers or denied answering at all. Although 
this behavior was scored negatively by the automated judge, it is the desirable behavior in 
support systems where factual precision is more important than stylistic completeness.

Thus, the baseline optimized for fluency and completeness, while RAG optimized for 
evidence-bound reliability.

4. Discussion
The results confirm that the decision on chatbot architecture has to be aligned with 

reliability requirements. The baseline LLM architecture is operationally simple and can 
generate coherent answers without additional infrastructure. It may be sufficient when the 
task is providing general information, informal help and language transformation. However, 
in document-based support scenarios, the verifiability of the baseline is limited. It is unable 
to distinguish valid information from the document corpus from general knowledge derived 
from its own parametric memory.
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The RAG architecture mitigates this limit by introducing a retrieval step. The high 
Recall@3 and MRR values suggest that the vector-based retrieval procedure could identify 
relevant chunks efficiently. This supports selecting RAG for compact domain-specific 
corpora where factual grounding is crucial. The lower Precision@3 value does not mean 
poor retrieval quality. The architectural design choice of the top three forces the retrieval 
of three chunks even if one would be sufficient. In practical deployments, this could be 
improved by using a dynamic top-k approach, hybrid search, reranking or confidence-based 
context filtering [10–12].

The generation results highlight a known evaluation challenge. An automated evalua-
tor may favor fluent and verbose responses, even if they are not factually grounded [8,9]. 
This introduces a risk when comparing RAG and baseline models, as a well-designed RAG 
answers more cautiously and deliberately. In particular, in support scenarios, a clear “I 
don’t know” answer can be more valuable than a fluent but not factually grounded response. 
Therefore, reducing hallucination and the quality of answer refusal should be treated as a 
primary requirement.

From a system design point of view, RAG means more complexity. It includes document 
chunking, embedding, vector storage, retrieval configuration, managing metadata and 
tracing retrieval errors. These steps increase development effort and can cause operational 
latency. Nonetheless, this architecture provides better scalability, as its knowledge base is 
updatable without retraining the whole model. Fine-tuning remains useful if the goal is to 
train a model for a certain style or terminology, but less flexible when it comes to a regularly 
updated knowledge base [3,4].

The experiment also suggests that information retrieval and response quality should not 
be evaluated in isolation. If a relevant chunk is missing from the context, a grounded answer 
cannot be expected. In contrast, even correct information retrieval cannot guarantee a valid 
final answer if the generator cannot process the information properly. Future evaluation 
methodologies should integrate information retrieval and factuality metrics, as well as 
metrics assessing refusal behavior [11,12].

5. Limitations and Future Research
There are limitations to the research. First, the validation set comprised 40 questions 

and was designed for a compact, document-based knowledge base. This enabled manual 
assessment of the relevance metrics yet limited statistical generalization. A larger evaluation 
set would be needed to verify whether the same patterns hold across several customer 
support domains, larger corpora, and a more diverse set of questions.

Second, the assessment of response quality was based on a so-called “LLM-as-a-judge” 
method. Although this method is scalable, it is not neutral: the results suggest bias towards 
verbose and more fluent responses [8,9]. Future research should augment automated 
assessment with human annotation for factuality, appropriateness of response refusal and 
source alignment.

Third, the system was tested in a single domain and with one generator model, em-
bedding model, and vector database configuration. Future research should examine hybrid 
sparse–dense retrieval, dynamic top-k selection, reranking, confidence thresholds, uncer-
tainty estimation, multilingual queries, and rejection-based fine-tuning.

Therefore, the results should be interpreted as configuration-dependent. With different 
corpus structures, more heterogeneous or simply larger corpora, alternative generator 
backbones, different embedding models, reranking methods or query engines may change 
both retrieval quality and response-level behavior. Consequently, the findings are better off 
treated as evidence of the trade-offs observed under a specific, small corpus domain, rather 
than a universal ranking of zero-shot and RAG architectures.
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6. Conclusions
This study compared a zero-shot baseline generative chatbot architecture with RAG 

architecture for document-based customer support use cases. The RAG system achieved 
strong retrieval performance, with Recall@3 of 0.9468 and MRR of 0.9306, indicating that 
the relevant document context was usually retrieved and highly ranked. The automated 
response evaluator favored the baseline model regarding relevance and contextual accuracy. 
However, manual inspection and interpretation highlighted that this was partly caused by 
verbosity bias and the baseline model’s tendency to provide confident answers, even when 
it lacks grounding.

The main practical implication is that RAG is the preferred architecture when factuality 
is the most crucial factor. Zero-shot models still prove useful for general-purpose scenarios 
and for fluency, although they carry a higher risk of hallucination.

All things considered, RAG architecture modifies system operation by shifting from 
unconstrained generation to factually grounded information synthesis. In some cases, this 
attribute might reduce stylistic richness but increase reliability in strict, fact-bound use 
cases. Future research should extend evaluation with larger datasets, human annotation, 
hybrid retrieval, reranking, uncertainty estimation and multilingual testing.
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