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ABSTRACT

Large Language Models (LLMs) require mechanisms to integrate external, spe-
cific, and up-to-date knowledge beyond their static pre-training data. Retrieval-
Augmented Generation (RAG) and finetuning represent two dominant paradigms
to address this, but their fundamental capabilities and long-term viability warrant
critical evaluation. This position paper argues that RAG, while offering practical
utility for accessing dynamic information and mitigating hallucination, constitutes
a potentially overhyped approach with significant inherent limitations fundamen-
tally tied to its reliance on discrete retrieval steps. We contend that RAG’s effec-
tiveness is bottlenecked by retrieval quality, often leads to superficial knowledge
integration, struggles with complex reasoning requiring synthesis across informa-
tion pieces, and faces challenges in robustly leveraging long context windows.
Furthermore, the focus on auxiliary technologies like vector databases within the
RAG ecosystem can distract from core model capabilities. Conversely, we argue
that finetuning, by directly modifying the model’s parameters, enables deeper,
more nuanced assimilation of domain knowledge and task-specific skills. This
parametric adaptation provides a more robust foundation for complex reasoning
and is crucial for unlocking true long-context understanding and utilization within
the model itself. While acknowledging finetuning’s computational and data re-
quirements, we conclude that it offers a more powerful and durable pathway to-
wards developing truly specialized, knowledgeable, and context-aware LLMs, po-
sitioning it as the cornerstone for advancing LLM capabilities beyond the archi-
tectural constraints of current RAG systems.

1 INTRODUCTION

Large Language Models (LLMs) have demonstrated remarkable capabilities across a spectrum of
natural language tasks, driven by advancements in scale, architecture (primarily the Transformer),
and pre-training on vast corpora (Zhao et al., 2023). Influential models like GPT-3 (Brown et al.,
2020), PaLM (Chowdhery et al., 2022), and LLaMA (Touvron et al., 2023) exemplify this progress.
Their ability to generate coherent text, translate languages, and answer questions has positioned
them as transformative technologies. However, a fundamental limitation persists: the knowledge
encoded within their parameters is inherently static, reflecting the data cutoff of their pre-training
phase (Cheng et al., 2024). Furthermore, LLMs can struggle with domain-specific knowledge and
reasoning over complex information not explicitly seen during training and can be prone to gener-
ating plausible but factually incorrect statements, commonly termed ’hallucinations’ (Zhao et al.,
2023; Gao et al., 2024; Lialin et al., 2023). To overcome these limitations and enhance LLM util-
ity in real-world applications requiring current, specialized, or proprietary information, two pri-
mary strategies have emerged: Retrieval-Augmented Generation (RAG) (Guu et al., 2020; Lewis
et al., 2020) and finetuning (Parthasarathy et al., 2024). RAG systems dynamically supplement
the model’s internal knowledge by retrieving relevant text snippets from an external corpus (often
indexed in vector databases) and providing these snippets as context during the generation process
(Gao et al., 2024). Finetuning, in contrast, involves further training a pre-trained model on a smaller,
task-specific or domain-specific dataset, directly adapting the model’s internal parameters to imbibe
new knowledge or skills (Zhang et al., 2023). This includes both full parameter updates and more

1



054
055
056
057
058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075
076
077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097
098
099
100
101
102
103
104
105
106
107

Under review as a conference paper at ICLR 2026

recent parameter-efficient finetuning (PEFT) techniques like LoRA (Hu et al., 2021; Lialin et al.,
2023; Ding et al., 2023). While both approaches aim to improve LLM knowledge and performance,
they operate via fundamentally different mechanisms, leading to distinct trade-offs and, we argue,
significantly different long-term potential. Current discourse often presents RAG as a flexible and
efficient solution, sometimes accompanied by considerable hype, particularly concerning the associ-
ated infrastructure like vector databases (Wiggers, 2024). This paper challenges that perspective. We
posit that RAG, despite its utility in specific scenarios, represents a comparatively shallow form of
knowledge integration, inherently constrained by the efficacy and limitations of its retrieval compo-
nent. Its perceived advantages often mask fundamental weaknesses in handling complex reasoning
and achieving true long-context understanding.

Conversely, we argue that finetuning, by modifying the parametric knowledge base of the LLM it-
self, offers a more robust and powerful pathway towards deep knowledge assimilation, nuanced do-
main adaptation, and the effective utilization of long-context capabilities. While finetuning presents
its own challenges, particularly regarding computational resources and data curation, we contend
that it provides the necessary foundation for building models capable of genuine expertise and so-
phisticated reasoning within specific domains. Therefore, this paper advocates for the primacy of
finetuning as the cornerstone strategy for developing advanced, knowledgeable LLMs, particularly
for complex tasks demanding deep understanding and robust long-context processing, viewing RAG
more as a supplementary tool or potentially a temporary solution whose necessity may diminish as
core model capabilities improve.

This paper is structured as follows: Section 2 delves into the mechanisms of RAG, critically examin-
ing its limitations, including retrieval dependency, superficial knowledge integration, and challenges
with long context, alongside a critique of the vector database hype. Section 3 explores finetuning
techniques, arguing for their superiority in achieving deep knowledge integration and enabling ef-
fective long-context reasoning. Section 4 provides a comparative analysis, discussing trade-offs,
hybrid approaches, and reinforcing the core thesis. Finally, Section 5 concludes by summarizing the
arguments and reiterating the case for finetuning as the more promising direction for future LLM
development in complex application domains.

2 RETRIEVAL-AUGMENTED GENERATION: MECHANISMS AND CRITIQUES

Retrieval-Augmented Generation (RAG) has gained significant traction as a method to ground LLM
outputs in external knowledge, thereby potentially reducing hallucinations and incorporating up-to-
date information (Lewis et al., 2021; Chen et al., 2023a). However, a closer examination reveals
fundamental limitations that challenge its perception as a robust, long-term solution for deep knowl-
edge integration and complex reasoning.

2.1 THE RAG MECHANISM

At its core, the standard RAG pipeline involves intercepting a user query, using it to search an
external knowledge corpus, retrieving relevant information chunks, and then feeding these chunks
alongside the original query as augmented context to an LLM for generation (Gao et al., 2024).
RAG is like giving a librarian a question to find relevant books, then having a writer use those books
to answer. It pulls information from external sources, such as company documents, to make LLM
responses more accurate and up-to-date, especially for things like recent news or specific business
data (Schreiner, 2023). This process typically relies on several key components:

(i) an external knowledge base (e.g., documents, databases);

(ii) an indexing mechanism, frequently employing dense vector embeddings stored in special-
ized vector databases, to facilitate semantic search (Gao et al., 2024)

(iii) a retriever module that searches the index based on the query and selects relevant context
chunks; and

(iv) a generator LLM that synthesizes the final response based on the query and the retrieved
context.

2



108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161

Under review as a conference paper at ICLR 2026

2.2 THE RETRIEVAL BOTTLENECK: RAG’S FUNDAMENTAL CONSTRAINT

The most significant vulnerability of the RAG architecture lies in its absolute dependence on the
retrieval step (Ji et al., 2023). The quality of the final generation is fundamentally capped by the
quality and relevance of the retrieved information. Failure modes in retrieval are numerous and
critical:

(i) Missing Information: The correct information might not exist in the external knowledge
base (Barnett et al., 2024)

(ii) Retrieval Failure (Recall): Relevant documents exist but are not retrieved by the system.
(iii) Irrelevant Retrieval (Precision): Documents are retrieved but do not actually contain the

necessary information or are misaligned with the query’s true intent.
(iv) Information Distillation Failure: The relevant information is present within the retrieved

chunks, but the LLM fails to identify, extract, or synthesize it correctly, potentially dis-
tracted by irrelevant surrounding text.

(v) Noise and Contradiction: Retrieved chunks may contain conflicting, inaccurate, or noisy
information, which can mislead the generator LLM.

These potential failures make RAG systems inherently fragile; performance is inextricably tied to
the comprehensiveness and cleanliness of the knowledge source, the effectiveness of the chunking
strategy, the quality of the embeddings, and the capability of the retriever model.

2.3 SUPERFICIAL KNOWLEDGE: CONTEXT VS. INTEGRATION

RAG provides information to the model at inference time, but it does not fundamentally alter the
model’s internal, parametric knowledge (Balaguer et al., 2024; Lewis et al., 2020; Lialin et al., 2023).
It is akin to providing temporary notes rather than fostering genuine learning and understanding. The
knowledge is accessible but not deeply assimilated. This superficiality limits RAG’s effectiveness in
tasks requiring complex reasoning, nuanced understanding, or the synthesis of information beyond
simply extracting facts from the provided context. Finetuning, by contrast, modifies the model’s
weights, allowing for a deeper integration of domain concepts, relationships, and reasoning patterns
(Zhao et al., 2023; Ovadia et al., 2024; IBM).

2.4 RAG AND THE LONG CONTEXT ILLUSION

While LLMs with longer context windows are emerging, using RAG to simply ”fill” this window
with more retrieved chunks is not a panacea for long-context reasoning (Liu et al., 2023; Ovadia
et al., 2024). The Databricks blog “Long Context RAG Performance of LLMs” shows that perfor-
mance decreases after certain context sizes (e.g., 32k tokens for Llama-3.1-405b, 64k for GPT-4-
0125-preview), with only recent models like GPT-4o maintaining consistency (Chase & Adebayo,
2023). The “lost in the middle” effect, where LLMs prioritize information at the beginning or end
of long contexts, further complicates RAG’s utility (Petrosyan, 2024). Additionally, retrieving more
documents increases noise, as shown by recall saturation at 96k tokens for some datasets, suggesting
that simply adding more chunks does not guarantee improved performance. Several issues arise:

(i) Attention Limitations: Many LLMs exhibit difficulty in effectively utilizing information
spread across very long contexts, often suffering from a ”lost in the middle” effect where
information at the beginning or end is weighted more heavily than information in the mid-
dle. RAG does not intrinsically solve this; it merely provides the long context that the base
LLM might struggle to process effectively.

(ii) Retrieval Quality Degradation: As the target context grows (either longer documents or
more documents), identifying the truly salient chunks becomes exponentially harder, in-
creasing the likelihood of retrieving noise or missing critical pieces.

(iii) Performance Saturation/Degradation: Studies suggest that simply increasing the number of
retrieved chunks does not always improve, and can sometimes even degrade, RAG perfor-
mance, potentially due to increased noise or distraction for the generator. Recent advance-
ments in native long-context models are beginning to challenge RAG’s dominance, even in
retrieval-centric tasks.
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2.5 LATENCY, COST, AND OPERATIONAL COMPLEXITY

RAG introduces latency due to the real-time retrieval step, which can degrade user experience. The
VentureBeat article “Beyond RAG: How cache-augmented generation reduces latency, complexity
for smaller workloads” highlights that the retrieval step adds latency and requires maintaining com-
plex components like vector databases (Keyes, 2024). Operational complexity arises from curating,
cleaning, updating, and indexing the knowledge base, as well as running the retrieval service along-
side LLM inference. The Medium article “Challenges of Scaling Retrieval-Augmented Generation
Applications” notes additional costs from API dependencies and data storage, particularly at scale
(Yao, 2023).

The necessity of a real-time retrieval step introduces inherent latency into the generation process
compared to a direct inference from a finetuned model. Furthermore, building and maintaining a
robust RAG system involves significant overhead: curating, cleaning, updating, and indexing the
external knowledge base, plus the computational cost of running the retrieval service alongside the
LLM inference. This operational complexity is often underestimated.

2.6 DECONSTRUCTING THE VECTOR DATABASE HYPE

Vector databases have become closely associated with RAG, often positioned as a core enabling
technology. The DEV Community article “How About Ditching the Hype: Do We Really Need a
Specialized Vector Database?” questions the necessity of specialized vector databases, noting that
traditional databases are incorporating vector search capabilities, potentially reducing the need for
separate systems (Singh, 2024). The Substack post “Vector Database is not a separate database cat-
egory” predicts that specialized vector databases will lose momentum as integrated solutions gain
traction (Morgan, 2023). While useful for efficient similarity search on high-dimensional embed-
dings, their role and importance can be overstated(Bergum, 2024):

(i) Component, Not Solution: They are merely one part of the retrieval pipeline. Their ef-
fectiveness is entirely dependent on the quality of the upstream embedding model and the
appropriateness of the chosen similarity metric (e.g., cosine similarity) for capturing true
semantic relevance, which is not always guaranteed (AlShikh, 2023).

(ii) Garbage In, Garbage Out: A vector database cannot compensate for poor data quality,
inaccurate information, or biases present in the source documents.

(iii) Distraction from Fundamentals: The intense focus on vector database technology can dis-
tract from more fundamental challenges in RAG, such as optimal chunking strategies, re-
triever training, and handling complex query logic. Simpler retrieval methods (e.g., key-
word search, hybrid approaches) might be sufficient or even superior in some contexts. The
perceived necessity of specialized vector databases is also being questioned as traditional
databases increasingly incorporate vector capabilities.

2.7 RAG AS A TACTICAL SOLUTION

In summary, while RAG provides a valuable mechanism for accessing dynamic external facts and
attributing sources (Lewis et al., 2020; Balaguer et al., 2024), its architectural limitations – the
retrieval bottleneck, superficial knowledge integration, challenges in scaling effectively with context
length, added latency, and operational overhead – suggest it is not the foundational solution for
building deeply knowledgeable and capable LLMs. Several researchers and practitioners view RAG
as a clever workaround for the static knowledge and finite context limitations of earlier models (Gao
et al., 2024; Xu et al., 2024),a tactical tool rather than a strategic long-term direction for achieving
genuine understanding and complex reasoning abilities. Its strengths lie in scenarios demanding
access to rapidly changing data or verifiable sourcing, but its limitations hinder its applicability for
tasks requiring deep, integrated expertise.

3 FINETUNING FOR DEEP INTEGRATION AND LONG CONTEXT

While RAG offers a way to augment LLMs with external information at inference time, finetun-
ing provides a mechanism to fundamentally alter the model’s internal knowledge and capabilities
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through continued training on specialized data. This parametric adaptation, we argue, leads to
deeper knowledge integration, more nuanced behavioural changes, and is ultimately essential for
effectively leveraging long context windows for complex tasks.

3.1 MECHANISMS OF FINETUNING

Finetuning involves updating the weights of a pre-trained LLM using a smaller, curated dataset
relevant to a specific domain or task (Parthasarathy et al., 2024). Two main approaches exist:

(i) Full Finetuning: All (or a significant portion) of the model’s parameters are updated during
the training process. This allows for substantial adaptation but incurs significant com-
putational cost and requires careful management to avoid ”catastrophic forgetting” of the
model’s general capabilities (Brown et al., 2020; McCloskey & Cohen, 1989; Luo et al.,
2025; Kirkpatrick et al., 2017).

(ii) Parameter-Efficient Fine-Tuning (PEFT): These techniques aim to reduce the computa-
tional burden and memory requirements of finetuning by updating only a small subset
of the model’s parameters or by introducing a small number of new, trainable parame-
ters(Ding et al., 2023; Lialin et al., 2023). Methods like Low-Rank Adaptation (LoRA)(Hu
et al., 2021), adapters, and prompt tuning fall under this category. PEFT makes finetuning
more accessible and efficient, often achieving performance comparable to full finetuning
on specific tasks.

3.2 ACHIEVING DEEP KNOWLEDGE AND SKILL INTEGRATION

Unlike RAG, which treats the LLM largely as a fixed processor acting on retrieved context, finetun-
ing directly modifies the model’s internal representation of knowledge (Balaguer et al., 2024). This
process allows for:

(i) Assimilation of Domain-Specific Knowledge: Finetuning on domain texts (e.g., medical
research, legal documents, specific coding practices) embeds relevant terminology, con-
cepts, and relationships into the model’s parameters. The model doesn’t just see the terms;
it learns their usage patterns and connections.

(ii) Adaptation of Style and Behavior: Finetuning can reliably shape the model’s output style,
tone, persona, and adherence to specific formats or reasoning patterns. This is crucial
for applications requiring consistent branding, specific interaction protocols, or complex
instruction following (Zhang et al., 2023).

(iii) Improved Reasoning within a Domain: By learning from examples within a specific do-
main, finetuned models can potentially improve their ability to perform multi-step rea-
soning, inference, and synthesis using the learned domain knowledge, rather than solely
relying on retrieving explicit facts (Brokman & Kavuluru, 2024).

This deep integration contrasts sharply with RAG’s reliance on potentially noisy or incomplete re-
trieved snippets, enabling finetuned models to exhibit more consistent, nuanced, and reliable behav-
ior on their specialized tasks (Anisuzzaman et al., 2025).

3.3 FINETUNING: THE KEY TO MASTERING LONG CONTEXT

The advent of LLMs with increasingly long context windows (e.g., hundreds of thousands or even
millions of tokens) presents new opportunities and challenges. While RAG can provide information
to fill these windows, finetuning is arguably essential to enable the model to effectively process and
reason over such extended contexts (Beltagy et al., 2020; Pan, 2023; Petrosyan, 2024; Chen et al.,
2023b; Gao et al., 2025).

(i) Adapting Attention Mechanisms: Effective utilization of long context likely requires mod-
els to adapt their internal mechanisms, such as attention patterns, to better track depen-
dencies and relationships over vast spans of text. Finetuning on tasks requiring long-range
understanding can potentially induce these adaptations.
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(ii) Learning Long-Range Dependencies: Specific finetuning strategies and datasets can be
designed to explicitly teach the model to identify and utilize information spread across
long documents or dialogue histories. This goes beyond the capability of RAG, which
merely presents the information without guaranteeing the model can effectively connect
distant pieces.

(iii) Task-Specific Context Utilization: Even with large base model context windows, finetuning
may be required to teach the model how to best use that context for a specific downstream
task (e.g., summarizing a long legal document vs. answering specific questions about it).
Studies are showing that finetuning can significantly boost performance on long-context
benchmarks compared to relying solely on the base model’s capabilities.

Thus, while RAG might seem like a shortcut to leveraging external data in long contexts, finetuning
offers a more fundamental path to improving the model’s intrinsic ability to handle and reason over
long sequences effectively.

3.4 ADDRESSING THE CHALLENGES OF FINETUNING

It is important to acknowledge the challenges associated with finetuning. Full finetuning demands
substantial computational resources (GPUs, time), significant amounts of high-quality training data
(which may require expensive human labeling), and expertise in training methodologies to prevent
issues like catastrophic forgetting (Zhang et al., 2023; Luo et al., 2025; Gutta, 2023). However,
several factors mitigate these concerns:

(i) PEFT Efficiency: Techniques like LoRA drastically reduce the computational and memory
footprint, making finetuning feasible even with moderate resources(Hu et al., 2021; Liu
et al., 2024; Dettmers et al., 2023).

(ii) Data Curation Efforts: While data quality is paramount, ongoing research into data se-
lection, synthetic data generation, and unsupervised/semi-supervised finetuning techniques
aims to reduce the reliance on massive labeled datasets

(iii) Engineering vs. Architecture: These challenges, while significant, are largely engineering
and resource problems. They concern the process of adapting the model. In contrast,
RAG’s limitations, particularly the retrieval bottleneck, are arguably more fundamental
architectural constraints (Ovadia et al., 2024).

Therefore, while the costs and complexities of finetuning are real, they represent investments in
building a more deeply capable and adapted model, rather than relying on an external retrieval mech-
anism with inherent fragility. Essentially, finetuning offers a powerful mechanism for embedding
deep domain knowledge, shaping model behavior, and crucially, enabling effective utilization of
long context windows. By directly modifying the model’s parameters, it achieves a level of integra-
tion and adaptation that RAG, by its nature, cannot match, making it the cornerstone for developing
truly specialized and contextually adept LLMs.

4 COMPARATIVE ANALYSIS AND DISCUSSION

The preceding sections have critically examined Retrieval-Augmented Generation (RAG) and fine-
tuning as distinct strategies for enhancing LLM knowledge and capabilities. While both aim to
bridge the gap left by static pre-training, their underlying mechanisms lead to fundamental differ-
ences in performance, robustness, and suitability for various tasks. This section provides a direct
comparison and discusses the implications for LLM development.

4.1 HEAD-TO-HEAD: RAG VS. FINETUNING

We can compare these approaches across several key dimensions:

(i) Knowledge Integration Depth: Finetuning achieves deep, parametric integration, modify-
ing the model’s internal representations and enabling nuanced understanding within a do-
main (Balaguer et al., 2024). RAG offers shallow, context-based augmentation; knowledge
is provided to the model, not assimilated by it (IBM).
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(ii) Handling Long Context: While RAG can feed large amounts of text into long context
windows, its effectiveness is limited by retrieval quality and the base model’s ability to
process that context (Liu et al., 2023). Finetuning offers the potential to adapt the model’s
internal mechanisms to effectively reason over long sequences, crucial for true long-context
mastery (Chen et al., 2024).

(iii) Robustness and Reliability: RAG’s performance is critically dependent on the retrieval
step, making it susceptible to errors from missing, noisy, or irrelevant retrieved information
(Schreiner, 2023). Finetuned models, once trained, can exhibit more consistent behavior
on their specialized tasks, though they are sensitive to the quality of the finetuning data
(Soudani et al., 2024).

(iv) Adaptability to New Information: RAG excels here. Updating the external knowledge base
is typically much faster and cheaper than retraining/finetuning a model (Anisuzzaman et al.,
2025; IBM).

(v) Inference Latency: Finetuned models generally offer lower inference latency as they don’t
require a real-time retrieval step (Gutta, 2023; Ghosh, 2024).

(vi) Training/Setup Cost and Complexity: Full finetuning is computationally expensive and
data-intensive. PEFT significantly reduces this cost (Parthasarathy et al., 2024; Petrosyan,
2024). RAG setup involves building and maintaining a retrieval infrastructure (including
indexing, vector databases), which also has associated costs and complexity (IBM).

(vii) Reasoning Complexity: RAG is primarily suited for knowledge retrieval and grounding
based on explicit text (Schreiner, 2023). Finetuning allows the model to learn domain-
specific reasoning patterns and synthesize information more deeply (Lu et al., 2025; Bala-
guer et al., 2024)

(viii) Source Attribution/Verifiability: RAG can naturally provide citations by pointing to the
retrieved source documents (Schreiner, 2023). This is harder to achieve directly with a
purely finetuned model (Motzo, 2024)

4.2 VALID NICHES FOR RAG

Despite the critiques presented, RAG remains a valuable tool in specific contexts. Its strength lies in
scenarios where:

(i Information is Highly Dynamic: For applications requiring access to constantly changing
information (e.g., news, stock prices, real-time inventory), RAG’s ability to query updated
knowledge bases without retraining is crucial (Cliver, 2024).

(ii Verifiability is Paramount: When users need to trace answers back to specific source docu-
ments (e.g., legal research, customer support referencing manuals), RAG’s retrieval mech-
anism provides inherent citability (Choudhary, 2024).

(iii Knowledge Base is Vast and Explicit: When dealing with enormous, structured or semi-
structured knowledge bases where explicit fact retrieval is the primary goal, RAG can be
effective (Logic20/20).

However, acknowledging these niches does not negate the argument that RAG is fundamentally lim-
ited for tasks requiring deep understanding, complex reasoning, or nuanced behavioural adaptation.
It serves best as an information provision mechanism, not a knowledge integration one.

4.3 THE RISE OF HYBRID APPROACHES

The emergence of hybrid models that combine RAG and finetuning further underscores the limi-
tations of RAG operating in isolation. Techniques like Retrieval-Augmented Fine-Tuning (RAFT)
(Tian et al., 2024), or approaches that finetune the retriever and/or the generator specifically for the
RAG task (Prajna AI Wisdom, 2024; WolframRavenwolf, 2024; Choudhury, 2024), demonstrate
a recognition that optimal performance often requires both parametric adaptation and dynamic re-
trieval. While these hybrids can be powerful, their existence implicitly supports our thesis: RAG
alone is often insufficient for complex tasks, requiring the deeper integration provided by finetun-
ing to reach peak performance. The complexity of designing and tuning these hybrid systems also
moves away from the initial appeal of RAG as a simpler plug-and-play solution.
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4.4 REVISITING THE HYPE

The significant attention paid to RAG, and particularly to vector databases as its cornerstones, can be
seen as disproportionate to its fundamental capabilities. While vector search is a useful tool, it is not
a magical solution to knowledge representation or retrieval relevance. The focus risks obscuring the
more difficult, but ultimately more rewarding, path of improving core model intelligence and knowl-
edge through techniques like finetuning. RAG’s relative ease of implementation for basic Q&A over
documents has perhaps led to its overestimation as a foundational LLM technique, overshadowing
its inherent architectural bottlenecks.

RAG’s reliance on semantic similarity search can miss the goal, particularly due to language nu-
ances. The article “Disadvantages of RAG” by Kelvin Lu (Lu, 2023) highlights an experiment
where semantic search returned advantages of SVM when asked when not to use it, showing sensi-
tivity to plural vs. singular forms. This limitation arises because embedding models (autoencoders)
differ from generative LLMs (autoregressors like ChatGPT, Google PaLM, Llama), and there’s no
visibility into how information is extracted or organized in vectors, leading to occasional misses.

RAG’s chunking process disregards content, impacting embedding model performance. Lu’s article
notes that ideal chunks should be topic-consistent, but small chunks with low information density
may miss necessary data due to a fixed top k parameter. Tuning chunk size and top k is expen-
sive, akin to machine learning hyperparameters, making RAG less efficient for certain applications.
This contrasts with finetuning, which doesn’t rely on retrieval and can embed knowledge directly,
avoiding such overhead.

LLMs used in RAG lack common sense, potentially giving incorrect answers based on retrieved
data. Lu provides an example where a Harry Potter Q&A system answers that a dog has three heads
due to Cerberus mentions, ignoring normal dogs. This is supported by Yann LeCun’s quote:

“Today AI and machine learning really sucks. Humans have sense, machines
don’t,”

emphasizing LLMs’ limitations. Finetuning, by contrast, can train models on domain-specific data
to improve reasoning, offering a more fundamental path for core intelligence. RAG struggles with
multi-hop questions requiring multiple retrieval steps. Lu’s example,

“Who can introduce Johnny Depp to Elon Musk, except Amber Heard?”

needs iterating contacts, checking intersections, and possibly extending to friends, which single-
round retrieval can’t handle. Solutions like ReACT prompt engineering (Yao et al., 2023) or external
graph databases add complexity, highlighting RAG’s architectural bottlenecks. Finetuning, however,
can embed reasoning patterns, making it better for complex tasks.

All stages of RAG—chunking, embedding, retrieval, and response generation—are lossy. Lu notes
losses due to chunk size, embedding model limits, top k, similarity function, content length, and
generative LLM power. This questions RAG’s superiority over traditional search engines like BM25,
recently surpassed by Microsoft E5. Finetuning avoids such losses by integrating knowledge di-
rectly, offering a more robust approach for deep understanding.

4.5 FINETUNING AS THE STRATEGIC DIRECTION

Based on this analysis, we reaffirm our position that finetuning represents the more strategic, long-
term direction for developing highly capable, specialized LLMs. It addresses the core need for deep
knowledge integration and enables models to truly master complex domains and effectively utilize
expanding context windows. Finetuning helps models truly excel in specialized fields by learning
from targeted data, ensuring they can handle tricky, domain-specific questions. For example, studies
show finetuned models boost accuracy in medical Q&A by up to 49.85% (Soudani et al., 2024),
compared to RAG’s reliance on retrieval quality. For long texts, like summarizing legal papers,
finetuning adapts the model to process and reason over vast content, unlike RAG, which can strug-
gle with retrieval accuracy. Research shows finetuning extends context windows to 100K tokens,
improving performance (Chen et al., 2024).
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While RAG serves important tactical roles, particularly for dynamic data access, relying on it as
the primary method for knowledge enhancement risks creating systems that are knowledgeable only
superficially and remain constrained by the quality of discrete retrieval events. It’s more resource-
intensive, but advances like PEFT reduce costs, making it strategic for future AI development
(Parthasarathy et al., 2024). The future of advanced AI likely lies in models whose parameters
genuinely encode expertise, a goal more directly achieved through finetuning.

5 CONCLUSION

The challenge of equipping Large Language Models (LLMs) with specific, up-to-date, and deeply
integrated knowledge is central to advancing their capabilities beyond generalized pre-training. This
paper has critically examined two dominant approaches: Retrieval-Augmented Generation (RAG)
and finetuning. We have argued that while RAG offers practical utility, particularly for accessing
dynamic information and providing source attribution, its perception as a foundational solution is
potentially inflated, masking significant architectural limitations.

Conversely, we posit that finetuning represents a more robust and strategically vital path towards
developing LLMs with genuine domain expertise and the ability to effectively master long-context
reasoning. Our critique of RAG centered on its fundamental dependency on the quality and com-
pleteness of its retrieval mechanism – a bottleneck that inherently limits the depth and reliability
of the knowledge provided to the generator LLM. We highlighted RAG’s tendency towards super-
ficial knowledge integration, where information is presented as context rather than being deeply
assimilated into the model’s parameters. Furthermore, we questioned the notion that RAG straight-
forwardly solves long-context challenges, arguing that simply retrieving more data does not equate
to effective utilization by the base LLM. The associated hype surrounding components like vector
databases was also discussed, suggesting it can distract from these more fundamental limitations.

In contrast, we presented finetuning as the primary mechanism for achieving deep knowledge inte-
gration and nuanced behavioral adaptation. By directly modifying the model’s weights, finetuning
allows LLMs to internalize domain-specific concepts, terminology, and reasoning patterns. Cru-
cially, we argued that finetuning is essential for unlocking the true potential of long context win-
dows, enabling models not just to receive vast amounts of information, but to adapt their internal
processing to effectively reason over it. While acknowledging the computational and data require-
ments of finetuning, we framed these as addressable engineering challenges, particularly mitigated
by advances in Parameter-Efficient Fine-Tuning (PEFT), rather than the fundamental architectural
constraints faced by RAG.

While RAG certainly holds value in specific niches demanding real-time data access or explicit
source traceability, and hybrid RAG-finetuning approaches demonstrate synergistic potential, our
analysis concludes that finetuning remains the cornerstone for building truly specialized, knowledge-
able, and contextually adept LLMs. The pursuit of deeper understanding, complex reasoning, and
genuine expertise within AI systems necessitates moving beyond temporary augmentation towards
fundamental parametric adaptation. Therefore, we advocate for continued focus and investment in
advancing finetuning methodologies and improving core model capabilities as the primary strategic
direction for the future of complex, knowledge-intensive LLM applications.
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