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Abstract

Large Language Models (LLMs) have emerged as a dominant paradigm in natural lan-
guage processing, demonstrating strong performance across a wide range of generation
and reasoning tasks. These systems depend on multi-stage training pipelines that integrate
large-scale self-supervised pre-training, supervised fine-tuning, and alignment techniques.
This paper presents a systematic mapping study of contemporary LLM training method-
ologies, emphasizing transformer-based architectures, optimization objectives, and data
curation strategies as well as emerging sparse architectures such as Mixture-of-Experts
(MoE) models. We analyze parameter-efficient fine-tuning approaches, retrieval-augmented
generation frameworks, and multimodal training techniques, which we organize into a
unified comparative taxonomy. We discuss key technical challenges such as scalability
constraints, hallucination, bias amplification, and alignment–capability tradeoffs, then iden-
tify emerging research directions such as reasoning-centric training. This work provides
a concise technical reference for researchers and practitioners working on scalable and
reliable language model training.

Keywords: large language models; training strategies; transformer architectures; sparse
models; mixture-of-experts; model alignment

1. Introduction
Large Language Models (LLMs) have rapidly become foundational technologies in

modern artificial intelligence, particularly in Natural Language Processing (NLP). Models
such as GPT, BERT, and LLaMA demonstrate an unprecedented ability to comprehend,
generate, and increasingly reason over human language at scale. Their success is primarily
driven by transformer-based architectures, large-scale datasets, and the availability of
massive compute resources. As a result, LLMs now support a wide range of high-impact
applications, including conversational agents, search engines, coding assistants, scientific
discovery tools, and decision-support systems.

Understanding how LLMs are trained has become essential for both researchers and
practitioners. First, pre-training state-of-the-art models requires substantial computational
and financial investment, making training efficiency and scalability central engineering
concerns. Second, training pipelines strongly influence model behavior, including the
emergence of biases, hallucinations, and safety risks that originate from data and optimiza-
tion objectives. Third, the modern LLM lifecycle is no longer limited to pre-training alone
but increasingly depends on post-training stages such as instruction tuning, preference
alignment (e.g., RLHF and DPO), and reasoning-oriented optimization.
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While many surveys have reviewed components of this landscape, the literature often
treats training stages in isolation, focusing separately on pre-training objectives, fine-tuning
strategies, or alignment methods. However, recent developments such as parameter-
efficient adaptation, retrieval-augmented pipelines, and sparse Mixture-of-Experts (MoE)
architectures highlight that LLM training is best understood as a multi-stage and evolving
methodology rather than a single monolithic process. This motivates the need for a unified
and systematic comparative perspective that connects foundational training pipelines with
frontier reasoning-centric paradigms.

In this paper, we provide a structured systematic mapping study of contemporary
LLM training approaches spanning the full pipeline, including pre-training foundations, su-
pervised and instruction fine-tuning, alignment via reinforcement learning and preference
optimization, Parameter-Efficient Fine-Tuning (PEFT), retrieval-augmented and multi-
modal extensions, and sparse MoE architectures exemplified by recent DeepSeek models.

This work makes the following key contributions:

• Systematic methodological synthesis: We adopt a transparent survey methodology
and organize an initial set of 58 core studies, expanded to 68 during revision, across
major stages of the LLM training pipeline, supported by PRISMA-style reporting and
thematic distribution.

• Unified analytical taxonomy: Beyond thematic review, we propose an original compar-
ative framework positioning training paradigms along the axes of training efficiency
and alignment/reasoning quality, offering new insight into dense scaling versus sparse
and post-training optimization strategies.

• Quantitative frontier comparison: We strengthen the engineering perspective of the
survey by including quantitative evidence from dense and sparse frontier model
families (e.g., LLaMA-3 vs. DeepSeek MoE systems), highlighting the efficiency–
capability tradeoffs shaping current research trends.

The remainder of this survey is organized as follows: Sections 3 and 4 discuss founda-
tional pre-training and supervised adaptation; Section 5 focuses on alignment and PEFT
techniques; Section 6 examines frontier extensions, including RAG, multimodality, and MoE
reasoning-centric architectures; while the later sections summarize evaluation challenges
and emerging future directions.

2. Survey Methodology
This systematic mapping study followed a structured protocol to ensure transparency,

reproducibility, and reduced selection bias. We searched Scopus, Google Scholar, Web
of Science, and IEEE Xplore using keywords including “large language models,” “LLM
training,” “pre-training objectives,” “fine-tuning,” “RLHF,” and “parameter-efficient fine-
tuning” for publications between 2017 and 2025.

The initial search returned approximately 1500 records. After duplicate removal and
title/abstract screening, 240 studies were retained for full-text review. Inclusion criteria
prioritized peer-reviewed publications with an explicit focus on LLM training pipelines,
empirical or theoretical methodological contributions, and full-text availability. Selected
high-impact frontier preprints were also incorporated given the rapid pace of development
in the field.

For classification as “high-impact frontier preprints”, we applied explicit operational
criteria. Included preprints were required to demonstrate substantial scholarly uptake
relative to publication recency, operationalized as at least 100 citations, or at least 50 citations
for works published within the preceding 12 months (as indexed via Google Scholar at
the time of writing). Citation thresholds were interpreted flexibly in light of the rapid
evolution of the field. In addition, preprints were considered eligible where there was clear
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evidence of field impact, such as integration into subsequent peer-reviewed publications,
inclusion in major technical reports, benchmark reporting, or widespread adoption in
open-source ecosystems.

Exclusion criteria removed non-English works, non-LLM-specific studies, and papers
lacking methodological contributions, resulting in 58 core studies included in the initial
analysis (Figure 1).

Records identified through
database searching

(n ≈ 1500)

Records after duplicates removed
(n = 1300)

Records screened
(n = 1300)

Full-text articles assessed for eligibility
(n = 240)

Studies included in initial analysis
(n = 58)

Additional frontier studies in-
corporated during revision

(based on explicit high-impact criteria)
(n = 10)

Studies included in the final analysis
(n = 68)

Records excluded
(n = 1060)

Full-text articles excluded
(n = 182)

• Not relevant (n = 106)
• Methodological issues (n = 48)
• Other reasons (n = 28)

Figure 1. PRISMA flow diagram of the study selection process. The final corpus includes an additional
set of frontier studies (n = 10) incorporated during revision based on explicit high-impact criteria
described in the Survey Methodology section.

Following reviewer feedback, an additional set of recent frontier works was incorpo-
rated, covering emerging advances in reasoning-centric alignment (e.g., verifiable reward
optimization), preference-based post-training, and safety-focused evaluation frameworks.
This expansion yielded a final corpus of 68 included studies.

To support transparency, we also report the thematic distribution of the included
studies across the survey categories (Table 1). Overall, the goal is to provide a structured
methodological synthesis of representative paradigms shaping modern LLM training,
rather than claiming exhaustive completeness of the entire literature.

Research Questions

To guide the mapping and comparative synthesis, the study is structured around the
following research questions:

• RQ1: What are the dominant strategies in modern LLM pre-training and data curation?
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• RQ2: How do Parameter-Efficient Fine-Tuning (PEFT) and alignment methods balance
computational efficiency with response quality and safety?

• RQ3: To what extent do sparse Mixture-of-Experts (MoE) architectures improve the
capability–efficiency tradeoff compared to dense transformer models?

Table 1. Distribution of the 68 included studies across survey categories. The final set was expanded
during revision to incorporate recent frontier advances in preference optimization (DPO), verifiable-
reward alignment (RLVR), tool-augmented LLMs, and representation-based evaluation.

Category Included Studies

Foundation Pre-training Objectives 19
Supervised/Instruction Fine-Tuning (SFT/IFT) 9
Alignment and Post-training + PEFT 16
RAG/Multimodal/Reasoning-centric
(Sparse MoE case studies, e.g., DeepSeek) 16

Evaluation Benchmarks and Recent Advances 9

Total 68

3. Foundations of Pre-Training for Large Language Models
In Large Language Models (LLMs), the pre-training stage aims to build a fundamental

understanding of language and gather enormous amounts of world knowledge that are
encoded within the model’s parameters. This is accomplished by self-supervised learning,
in which the model learns by anticipating patterns and information gaps in large, varied
text datasets, effectively converting the data into the supervision signal [1]. This research
abstract [2] suggests that while Masked Language Modeling (MLM) generally produces
better overall results for text representation tasks, Causal Language Modeling (CLM) offers
advantages in data efficiency and fine-tuning stability. Recognizing these tradeoffs, the
study proposes and validates a biphasic training strategy that sequentially applies CLM
followed by MLM. This method achieves optimal performance within a fixed computational
budget. Furthermore, this biphasic approach is particularly beneficial when starting with
an already pre-trained CLM model, significantly lowering the computational cost required
to train state-of-the-art encoder models for subsequent NLP tasks.

Large Language Models (LLMs) can learn fundamental linguistic knowledge and
generalizable representations from a variety of textual sources through the pre-training
phase, which combines precisely defined training objectives with carefully selected large-
scale datasets [3].

A crucial component of the pre-training phase in Large Language Models (LLMs) is the
construction of high-quality large-scale datasets, as the model’s generalization capability
depends heavily on the diversity and cleanliness of the data it is exposed to. Modern
foundation models are trained on heterogeneous corpora that combine web-scale sources
with curated high-quality text. The largest portion typically originates from Common
Crawl, a massive but noisy web dataset that requires extensive preprocessing and filtering
to be usable at scale [4]. Additional high-quality sources such as Wikipedia and large book
corpora are included to provide structured linguistic knowledge for the development of
robust contextual representations [5]. For improved multilingual generalization, many
models incorporate multilingual datasets spanning diverse languages and domains, while
LLMs aimed at coding tasks integrate specialized programming corpora such as The Stack
(BigCode, 2023 public release) or large GitHub-derived datasets collected from publicly
available repositories [6].

Given the raw and noisy nature of web-scale data, sophisticated data filtering pipelines
are essential. These include deduplication, which reduces memorization and improves gen-
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eralization performance, as well as quality filtering based on heuristics, perplexity scoring,
and classifier-based content selection. Equally important are safety filtering mechanisms
designed to remove personally identifiable information (PII), toxic content, or harmful
material, thereby mitigating ethical and security risks during training [7]. Overall, the
dataset composition, scale, and curation procedures play a foundational role in shaping the
performance, safety, and bias characteristics of large language models [8].

As shown in Table 2, datasets with diverse characteristics and tradeoffs are necessary
for effective LLM training. Common Crawl and other large-scale web corpora provide a
great deal of coverage and diversity, but also contain a lot of bias and noise. Deduplication
and data cleaning are therefore crucial. However, despite their much smaller scope, re-
sources such as Wikipedia offer trustworthy and high-quality information. These datasets
are enhanced by BookCorpus and OpenWebText, which offer lengthy, cohesive texts that
aid in discourse-level comprehension. In conclusion, careful balancing of the scale, quality,
and diversity of data sources is just as important for successful LLM training as dataset size.

Table 2. Representative datasets used for LLM pre-training, summarizing dataset type, approximate
scale, and key engineering notes (noise level, need for deduplication/cleaning, domain specialization,
and safety filtering). The table illustrates the tradeoff between web-scale coverage (e.g., Common
Crawl) and curated quality sources (e.g., Wikipedia/books). Dataset sizes are indicative and may
vary across preprocessing and release versions.

Dataset Type Size Notes Refs

Common Crawl Web text ∼100 TB

Web-scale coverage;
very large and noisy;
extensive
deduplication and
filtering required

[5,9]

Wikipedia Encyclopedia ∼15 GB

High-quality curated
source; widely used
across multilingual
LLM corpora

[9]

BookCorpus/
OpenWebText Books, web ∼10–20 GB

Literature-based
corpora supporting
general language and
world knowledge

[5,10]

Code datasets Code (GitHub,
StackOverflow) 10–50 GB

Specialized corpora
enabling strong
performance in code
generation tasks

[6]

Multilingual corpora Text Varies

Supports cross-lingual
transfer and
multilingual
instruction-following

[9]

Safety-filtered corpora Text Varies

Incorporates PII
removal, toxicity
filtering, and
responsible data
governance

[7,8]

RefinedWeb-style
corpora Web text Large-scale

Curated web datasets
designed to
outperform raw
Common Crawl
through cleaning

[4]

The choice of large-scale high-quality datasets directly informs the architectural design
of Large Language Models (LLMs), as different transformer variants (decoder-only, encoder-
only, or encoder–decoder) leverage the data in distinct ways [1,5,11].
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Modern LLMs are built upon the transformer architecture, which introduced attention-
based sequence processing and replaced recurrent layers with highly parallelizable self-
attention mechanisms [11]. Pre-training approaches differ significantly depending on the
architectural variant employed. Decoder-only transformers, used in models such as GPT-
3 and LLaMA, follow a unidirectional causal attention pattern that restricts each token
to attend only to past positions, making them particularly effective for autoregressive
next-token prediction and large-scale generative tasks [5,9,12]. In contrast, encoder-only
architectures, exemplified by BERT, employ bidirectional self-attention, allowing the model
to leverage both left and right context when generating token representations. When
combined with the masked language modeling objective, this structure makes encoder
models highly effective for classification, retrieval, and semantic understanding tasks rather
than generation [1].

A third category, encoder–decoder (seq-to-seq) transformers, integrates the strengths
of both components: the encoder builds contextualized representations using bidirectional
attention, while the decoder autoregressively generates output sequences conditioned
on the encoder states. Prominent examples such as T5 and UL2 use span corruption
or mixture-of-denoisers objectives, and are well suited for tasks including translation,
summarization, and instruction-following [9]. Collectively, these architectural families
define the capabilities, strengths, and limitations of modern LLMs by shaping the train-
ing objectives, computational requirements, and downstream application suitability. The
architecture of a Large Language Model (LLM) guides the selection of pre-training objec-
tives, with decoder-only models typically employing Causal Language Modeling (CLM)
for generative tasks, encoder-only models using Masked Language Modeling (MLM) for
comprehension and classification, and encoder-decoder models adopting span corruption
or mixture-of-denoisers objectives to support versatile sequence-to-sequence tasks.

The choice of training objective is a critical factor shaping the linguistic competence and
downstream performance of LLMs, varying depending on architecture and intended tasks.
Causal Language Modeling (CLM), used in decoder-only models like GPT and LLaMA,
predicts each token conditioned on previous tokens, enabling effective text generation and
stable fine-tuning [5,9]. In contrast, Masked Language Modeling (MLM), employed by
encoder-only architectures such as BERT, randomly masks tokens and predicts them using
bidirectional context, producing rich contextual representations suitable for classification
and retrieval tasks [1]. Span corruption objectives are common in encoder–decoder models
like T5 and UL2; these mask contiguous spans of text and train the model to reconstruct
them, facilitating sequence-to-sequence tasks such as translation, summarization, and
instruction following [10,13]. Recent approaches, exemplified by UL2, adopt a mixture-of-
objectives pre-training strategy that dynamically combines CLM, MLM, and span denoising
per batch, producing versatile models capable of both generative and comprehension
tasks [13]. Together, these objectives define the functional capabilities of LLMs: CLM for
generation, MLM for understanding, span corruption for seq-to-seq tasks, and unified
objectives for multi-paradigm versatility.

In addition to dataset selection, architectures, and training objectives, several auxil-
iary factors critically influence LLM pre-training. Scaling laws demonstrate that model
performance improves predictably with the number of parameters, the size of the training
corpus, and the total compute budget, guiding the design of state-of-the-art models [14,15].
The training process itself requires massive computational resources, typically involving
GPU or TPU clusters, distributed training paradigms such as data and model parallelism
with ZeRO or FSDP, and mixed-precision arithmetic (FP16/BF16) to reduce memory con-
sumption, often augmented with kernel optimizations like FlashAttention [16,17]. Finally,
tokenization and preprocessing are essential for effective representation: Byte-Pair Encod-
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ing (BPE), WordPiece, or SentencePiece tokenizers convert raw text into discrete tokens,
while normalization, lowercasing, punctuation cleaning, and deduplication improve data
quality and generalization [1,18]. Together, these factors ensure that pre-training produces
high-quality, robust, and scalable language models.

4. Fine-Tuning Strategies for Large Language Models: Supervised and
Instruction Tuning

After pre-training, LLMs typically undergo Supervised Fine-Tuning (SFT) to specialize
in specific tasks or domains using curated input–output pairs. In this stage, human-labeled
data provides explicit supervision for desired model behavior. Common instruction-
following datasets include Alpaca [19], OpenAssistant (OASST) [20], Dolly [21], and
FLAN [22], which span a broad range of topics and interaction styles. SFT enhances
the model’s ability to follow instructions and improves zero-shot and few-shot generaliza-
tion in downstream applications [23]. However, SFT may also propagate annotator biases,
highlighting the importance of dataset diversity and quality control [24].

Building on SFT, instruction tuning extends supervised adaptation by exposing LLMs
to diverse natural language instructions across many task formats, including summariza-
tion, classification, reasoning, and multi-step problem solving [24]. Large-scale instruction
collections such as FLAN [22], Self-Instruct [25], and Natural Instructions provide broad
coverage of task formulations, enabling models to generalize more effectively to unseen
prompts and interactive settings [23].

Importantly, both SFT and instruction tuning often serve as prerequisites for down-
stream alignment methods, such as Reinforcement Learning from Human Feedback (RLHF),
by providing a strong supervised baseline that can later be refined to optimize helpfulness,
safety, and human preference alignment [26,27]. Thus, supervised and instruction-based
fine-tuning form the central adaptation stage between foundation pre-training and modern
preference-based alignment pipelines.

5. Advanced Fine-Tuning, Alignment, and Parameter-Efficient Adaptation
in Large Language Models
5.1. Advanced Fine-Tuning and Emerging Alignment Strategies

In recent years, research on LLMs has continued to advance rapidly, extending be-
yond traditional SFT and RLHF pipelines. New methods focus on improving factuality,
alignment, and reasoning as well as on increasing scalability and efficiency in fine-tuning.
For example, FLAME [28] introduces factuality-aware alignment to reduce hallucinations,
while RLTHF [29] and Crowd-SFT [30] explore cost-effective human feedback strategies
for model alignment. Reflection-Tuning [31] enhances instruction-tuning datasets through
model introspection, while PAFT [32] proposes parallel fine-tuning paradigms for efficient
scaling. Additionally, recent methods such as Re-Search [33] and AGRO [34] combine
reinforcement learning with search or off-policy data to improve reasoning capabilities
and alignment. These recent developments demonstrate that the field is actively evolv-
ing, offering novel techniques that complement classical pre-training, fine-tuning, and
alignment approaches.

Recent developments in have focused on enhancing model performance, reliability,
and efficiency through advanced fine-tuning and alignment strategies. Techniques such as
Reinforcement Learning from Human Feedback (RLHF) enable models to align with human
preferences, improving safety, factuality, and instruction-following capabilities [35]. Parallel
to this, advanced fine-tuning methods such as FLAME, Reflection-Tuning, and AGRO
optimize reasoning, reduce hallucinations, and increase scalability. Parameter-Efficient
Fine-Tuning (PEFT) approaches such as LoRA, QLoRA, prefix tuning, and adapters further
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complement these methods by allowing LLMs to adapt to new tasks while updating only
a small fraction of parameters, dramatically reducing computational cost and memory
requirements [36,37].

5.2. Reinforcement Learning from Human Feedback (RLHF) and Preference Optimization

Reinforcement Learning from Human Feedback (RLHF) is a crucial post-training
stage that aligns Large Language Models (LLMs) with human preferences, safety, and
usefulness [26,27]. In RLHF, a reward model is first trained on human-labeled preference
data to capture which outputs are more desirable for a given prompt [27]. The base LLM is
then optimized using reinforcement learning algorithms such as Proximal Policy Optimiza-
tion (PPO) [26] or preference-based alternatives such as Direct Preference Optimization
(DPO) [38], with the goal of maximizing the learned reward signal. This alignment process
improves instruction-following behavior and response quality while mitigating harmful or
biased outputs [26]. Recent work further emphasizes scalable RLHF pipelines that incor-
porate selective feedback strategies and data recycling to improve efficiency and factual
reliability [29].

5.3. Factuality-Aware and Reasoning-Centric Alignment Methods

Beyond RLHF, modern LLM development increasingly relies on a broader suite of
advanced fine-tuning and alignment techniques. For instance, factuality-aware align-
ment methods such as FLAME aim to reduce hallucination errors [28], while Reflection-
Tuning improves instruction datasets through model self-correction [31]. Reinforcement-
based approaches such as AGRO further explore scalable optimization for reasoning
and alignment [34]. Together, these methods complement supervised fine-tuning and in-
struction tuning by strengthening reliability, robustness, and controllability in deployed
systems [24].

5.4. Parameter-Efficient Fine-Tuning (PEFT) for Scalable Adaptation

Parameter-Efficient Fine-Tuning (PEFT) has emerged as a key strategy for adapting
LLMs to new tasks or domains while updating only a small fraction of parameters. Tech-
niques such as LoRA enable low-rank adaptation of attention weights [37], while QLoRA
combines low-rank updates with quantization to support efficient fine-tuning of very large
models under limited GPU resources [39]. Other approaches, including prefix tuning
and adapter modules, similarly reduce memory and computational overhead by freezing
most pre-trained weights [40,41]. Empirical studies show that PEFT methods can achieve
performance comparable to full fine-tuning while requiring orders of magnitude fewer
trainable parameters [37,39]. As a result, PEFT provides a scalable pathway for integrating
task adaptation with alignment objectives such as RLHF, preserving instruction-following
and safety while improving efficiency [41]. From an engineering perspective, PEFT meth-
ods achieve dramatic reductions in trainable parameters and hardware requirements. For
example, LoRA typically updates less than 0.1% of model weights, corresponding to pa-
rameter reductions on the order of 99.9% compared to full fine-tuning [37]. In addition,
QLoRA enables fine-tuning of models up to 65 B parameters on a single 48 GB GPU by
combining 4-bit quantization with low-rank adapters, making alignment and adaptation
feasible under commodity hardware constraints [39].

Table 3 summarizes major PEFT approaches, reporting typical reductions in trainable
parameters and VRAM requirements alongside practical integration characteristics.
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Table 3. Overview of major Parameter-Efficient Fine-Tuning (PEFT) methods for adapting LLMs. We
report concrete engineering gains, including reductions in trainable parameters and typical VRAM
savings, highlighting why PEFT is critical under constrained GPU memory budgets.

Technique Trainable Params Reduction VRAM Reduction
(Typical) Integration Engineering Notes Refs

LoRA ∼99.9% fewer trainable weights ∼60–80% Easy

Low-rank adapters replace full
weight updates, enabling
efficient adaptation with near
full fine-tuning quality in
many settings.

[37]

Prefix Tuning ∼98–99% reduction ∼40–60% Moderate

Optimizes only prefix vectors
injected into attention; reduces
memory/compute, but can be
less plug-and-play than LoRA.

[41]

Adapters ∼95–99% reduction ∼50–70% Easy

Adds small trainable bottleneck
modules between transformer
blocks while freezing backbone
weights; simple
modular deployment.

[41]

QLoRA 65B tuning on 1 × 48 GB GPU
(4-bit) ∼85–95% Easy

Combines 4-bit quantization
with LoRA to enable large-model
fine-tuning under constrained
VRAM while preserving quality.

[39]

Note: VRAM reductions are approximate ranges reported in typical implementations and may vary depending
on optimizer states, batch size, and hardware setup.

6. From Multimodal and Retrieval-Augmented Models to Reasoning-Centric
Training: Sparse MoE Case Studies (e.g., DeepSeek)

Recent developments in LLM research have expanded model capabilities beyond
traditional text-based tasks. Multimodal LLMs, such as GPT-4, Gemini, and Claude-class
systems can process and generate content across multiple modalities, including text, images,
and in some cases audio and video streams [42,43]. In parallel, specialized LLMs targeting
domain-specific knowledge have also emerged. Examples include biomedical models such
as BioGPT and legal assistants such as LawGPT, which provide improved accuracy and
relevance in specialized professional contexts [44].

Another crucial trend shaping modern LLM capabilities is Retrieval-Augmented Gen-
eration (RAG), which addresses the inherent limitations of static pre-training knowledge
by enabling dynamic access to external information sources [45]. By integrating retrieved
documents as additional context during generation, RAG systems improve factuality, re-
cency, and contextual awareness [46]. Recent extensions further explore multimodal RAG
paradigms, incorporating heterogeneous inputs such as images alongside text [42].

In parallel, advances in the theoretical understanding of model scaling continue to
guide architectural development. Scaling laws demonstrate predictable relationships be-
tween model performance, parameter count, dataset size, and computational budget [14,15].
This scaling process can also lead to emergent capabilities, with very large models exhibit-
ing complex behaviors such as advanced reasoning or instruction-following that are not
present in smaller counterparts [15]. Collectively, these extensions represent the frontier of
modern LLM research, combining enhanced versatility through retrieval and multimodality
with improved generalization driven by compute-efficient scaling strategies [47]. Sparse
Mixture-of-Experts (MoE) architectures constitute a broader efficiency paradigm that has
been explored across multiple major LLM families, including Switch Transformers and
Mixtral as well as recent industrial-scale implementations. In this context, DeepSeek is
discussed as a representative recent case study rather than a uniquely dominant approach.
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DeepSeek represents a recent high-impact implementation within the broader liter-
ature on efficiency-oriented LLM training, combining sparse architectures with hybrid
optimization strategies [48]. Importantly, sparse Mixture-of-Experts (MoE) designs are a
general scaling paradigm adopted across multiple major model families, rather than being
unique to DeepSeek.

Unlike dense transformer-based models that activate all parameters during inference,
DeepSeek adopts a Mixture-of-Experts (MoE) architecture in which only a subset of expert
networks is activated per token [49]. This sparse activation pattern reduces effective
computational cost while preserving overall model capacity and scalability [48].

Therefore, recent advances highlight a clear trend toward hybrid paradigms that inte-
grate multimodal processing, retrieval augmentation, and reasoning-focused post-training.
DeepSeek exemplifies this next generation of efficiency-aware models by combining sparse
MoE architectures with structured supervision and scalable alignment strategies [50,51].

Quantitative Efficiency in Sparse MoE Architectures: The DeepSeek Case Study

Sparse Mixture-of-Experts (MoE) architectures have been explored extensively in
prior work, including early sparsely-gated layers [49] and large-scale Switch Transformer
models [52]. We focus on DeepSeek as a contemporary representative implementation
that provides publicly reported quantitative efficiency metrics. While DeepSeek is often
described qualitatively as an “efficient” reasoning-centric model, quantitative comparisons
are necessary to substantiate such claims within an engineering survey. Sparse Mixture-
of-Experts (MoE) architectures achieve scalability by activating only a small subset of
parameters per token, significantly reducing the effective compute footprint during training
and inference.

Table 4 provides a quantitative comparison between DeepSeek-style MoE models and
representative dense baselines. Although MoE models have very large total parameter
counts, their activated parameters remain comparable to much smaller dense models while
achieving strong benchmark performance (e.g., MMLU). This supports the central claim
that sparse activation can approach or exceed dense scaling at substantially lower effective
computational cost.

Table 4. Quantitative comparison of DeepSeek-style sparse MoE models against representative
dense baselines. Training cost proxies are approximate and based on values reported in the corre-
sponding technical reports. We report total versus activated parameters, token counts, and MMLU
benchmark performance.

Model Arch. Total Active Tokens Training Cost Proxy MMLU Refs

DeepSeek-V2-Base MoE 236 B 21 B 8.1 T ∼1.40 M H800
GPU-h †

78.4 [48]

DeepSeek-V3-Base MoE 671 B 37 B 14.8 T 2.79 M H800 GPU-h 87.1 [48,50]
LLaMA-3.1-405B Dense 405 B 405 B – – 84.4 [53]
Qwen2.5-72B Dense 72 B 72 B – – 85.0 [54]

† Training cost figures are approximate and derived from values reported in the DeepSeek technical report [48].
DeepSeek-V2 reports roughly 172.8 K H800 GPU-hours per trillion tokens; multiplying by 8.1 T tokens gives an
estimated ∼1.40 M GPU-hours.

As a running example, the training pipeline of DeepSeek models follows a multi-stage
paradigm that reflects broader trends in frontier LLM development [55]. The process begins
with large-scale self-supervised pre-training using causal language modeling objectives
over trillions of tokens [48].
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In the post-training stage, DeepSeek adopts a hybrid alignment strategy that combines
Supervised Fine-Tuning (SFT) with reinforcement learning-based optimization [51]. Unlike
classical Reinforcement Learning from Human Feedback (RLHF) pipelines [26,27], recent
DeepSeek models emphasize reasoning-centric alignment objectives driven by more struc-
tured and verifiable reward signals [56]. In particular, automated verifiers and heuristic
solvers can be used to score intermediate reasoning steps, enabling correctness-oriented
reinforcement learning beyond purely preference-based feedback [51].

Overall, DeepSeek serves as a representative example of an emerging paradigm
that integrates sparse Mixture-of-Experts (MoE) architectures for cost-efficient large-scale
training [48,49] together with scalable reasoning-focused post-training [51,56].

DeepSeek further incorporates sparse and long-context attention mechanisms to im-
prove its handling of extended sequences [57]. Taken together, these design choices il-
lustrate a broader transition toward hybrid efficiency-aware and reasoning-centric LLM
development combining sparse computation, structured supervision, and scalable align-
ment techniques [58,59].

To complement the comparative overview presented in Table 3 and the architectural
comparison in Table 5, Figure 2 illustrates the standard training pipeline for contemporary
LLMs. The pipeline consists of a multi-stage process designed to transition from broad
linguistic understanding to specialized human-aligned behavior. As illustrated, this process
begins with Stage 1 (pre-training), followed by Stage 2 (SFT), and finally Stage 3 (alignment),
utilizing Reinforcement Learning from Human Feedback (RLHF) or Direct Preference
Optimization (DPO). Throughout these stages, Parameter-Efficient Fine-Tuning (PEFT)
methods such as LoRA can be integrated to optimize computational resources.

Table 5. Comparison of multimodal and retrieval-related large language models. We distinguish
between retrieval enabled via external tool augmentation [60] and native architectural Retrieval-
Augmented Generation (RAG) integration [45].

Model Architecture Modalities Retrieval
Mechanism Refs

BioGPT Dense
Transformer Text None [44]

Claude 3 Dense
Transformer Text, Image Tool-augmented

retrieval [43]

DeepSeek (V2/V3/R1) Sparse MoE Text External/system-
level RAG [48,50,51]

Gemini Multimodal
Dense

Text, Image,
Audio

Tool-augmented
retrieval [43]

GPT-4 class models Multimodal
Dense Text, Image Tool-augmented

retrieval [42,43]

LawGPT Dense
Transformer Text None [44]

RAG-LLaMA Dense + Native
RAG Text + Docs Native RAG

integration [45]

Note: Retrieval mechanisms may be implemented either as externally orchestrated pipelines or as components
more tightly integrated into the model architecture.

Overall, DeepSeek serves as a representative contemporary implementation of sparse
MoE scaling; however, similar efficiency principles are shared across other sparse architec-
tures, including Switch-style routing and expert specialization frameworks [49,52].
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Stage 1: Pre-training

Massive text/Multimodal corpora
Common Crawl, Wikipedia, Code

Self-supervised learning
CLM, MLM, Span Corruption

Base Foundation Model

Stage 2: Supervised Fine-Tuning

Curated Instruction–Response Pairs
Alpaca, FLAN, Dolly

Instruction Following &
Domain specialization

Instruct Model

Stage 3: Alignment

Human Preference Data
& Reward Modeling

Optimization via PPO/DPO

Aligned Chat Model
DeepSeek, GPT-4, Claude

Adaptation Layer

Parameter-Efficient Fine-Tuning
LoRA, QLoRA, Adapters

Figure 2. Multi-stage training pipeline of modern LLMs. All primary optimization stages follow a
vertical progression, while parameter-efficient fine-tuning may be applied during post-training.

7. Evaluation of Large Language Models and Recent Advances
The evaluation of LLMs plays a central role in assessing their capabilities, robustness,

and safety across a wide range of tasks. Standard benchmarks such as GLUE, SuperGLUE,
MMLU, BIG-bench, HELM, and HumanEval are commonly employed to measure rea-
soning, language understanding, and code generation [6,58]. Task-specific datasets allow
for assessment in specialized domains such as biomedical, legal, and cultural knowledge.
Metrics such as accuracy, F1 score, BLEU, ROUGE [61], perplexity, and exact match are used
depending on the nature of the task. In addition to performance metrics, alignment-related
aspects such as instruction adherence, factual accuracy, bias, and toxicity are increasingly
emphasized, particularly for models intended for real-world deployment. Careful dataset
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curation along with qualitative evaluation helps to reveal weaknesses that standard metrics
might overlook [58].

7.1. Outcome-Based vs. Process-Based Evaluation

Evaluation of modern LLMs is increasingly viewed along two complementary dimen-
sions: (i) outcome-based benchmarks, which measure final-task correctness (e.g., MMLU,
HumanEval), and (ii) process-based evaluation, which assesses the validity and faithfulness
of intermediate reasoning steps.

Classical benchmark suites such as GLUE, SuperGLUE, MMLU, and BIG-bench pri-
marily reflect outcome-level performance. However, recent reasoning-centric paradigms
such as Reinforcement Learning with Verifiable Rewards (RLVR) motivate evaluation proto-
cols that focus not only on whether an answer is correct but also on whether the reasoning
process leading to it is verifiable and reliable [56].

A major evaluation challenge that has become increasingly emphasized in 2025–2026
is the problem of data contamination, also referred to as benchmark leakage [62]. Because
modern LLMs are trained on web-scale corpora and large instruction-tuning datasets, it is
possible for benchmark questions, prompts, or even reference solutions to unintentionally
appear in the training data. In such cases, high scores on widely used benchmarks may
partially reflect memorization rather than true generalization. This limitation directly
affects the interpretability and validity of benchmark-based comparisons, including those
summarized in Table 6, motivating the growing need for contamination-aware evaluation
protocols and dataset auditing practices.

Table 6. Representative evaluation benchmarks for LLMs categorized by task type (general NLP,
knowledge/reasoning, mixed capabilities, and code generation). We also report commonly used
metrics and the intended evaluation scope, highlighting the limitations of benchmark-only evaluation
without complementary safety/alignment and robustness protocols.

Benchmark Task Type Metrics Notes Refs

GLUE/SuperGLUE NLP Accuracy, F1

General language
understanding
benchmarks widely
used for model
comparison

[58]

MMLU Knowledge/reasoning Accuracy

Multiple-choice
tasks across diverse
academic and
professional
domains

[58]

BIG-bench Mixed Accuracy, F1,
human eval

Large-scale
benchmark
covering broad
emergent model
capabilities

[58]

HumanEval Code generation Pass@k

Python (v3.8, as
specified in the
original benchmark
release)

[6,58]

Domain-specific Biomedical, Legal Accuracy, BLEU

Specialized
evaluation suites
for expert-domain
reliability testing

[58]

In addition to standard evaluations, human-centered and multi-dimensional ap-
proaches have emerged as a very important trend in the field. Human evaluators categorize
the model’s responses in terms of helpfulness, safety, and instruction-following character-
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istics with a level of detail that is impossible for automatic metrics to achieve. Moreover,
models are subjected to heavy testing by means of adversarial prompts, out-of-distribution
scenarios, and complex reasoning tasks to measure their robustness and reliability. The
adoption of all-inclusive frameworks that merge performance, alignment, and efficiency
metrics is on the rise, as these frameworks are the only ones able to ensure that LLMs are
both effective and safe for real-world applications [59].

These benchmarks show the different ways we evaluate large language models de-
pending on what they are designed to do. General-purpose tests such as GLUE, Super-
GLUE, and MMLU focus on language understanding and reasoning across a variety of
topics, while BIG-bench takes things further with a wide mix of tasks to test how versatile
a model really is. HumanEval looks specifically at coding skills by checking how well
models can generate Python functions, while domain-specific benchmarks evaluate per-
formance in specialized areas like biomedical or legal text. Altogether, these benchmarks
provide a well-rounded picture of a model’s strengths and weaknesses in both general and
specialized settings.

Training-Aware Evaluation: SFT vs. RLHF Tradeoffs

Importantly, different post-training methodologies improve different evaluation di-
mensions. Supervised Fine-Tuning (SFT) primarily boosts performance on task-oriented
benchmarks such as MMLU, GLUE, and HumanEval by directly optimizing for correctness
on labeled instruction–response pairs. In contrast, alignment methods such as RLHF and
DPO mainly improve human-centered metrics such as helpfulness, safety, and instruction
adherence, which are often evaluated through preference benchmarks and red-teaming
protocols [26,27,63]. However, stronger preference optimization may introduce an “align-
ment tax” in which gains in harmlessness come at the expense of reduced open-ended
reasoning depth or general capability, highlighting the need for evaluation frameworks
that jointly measure both accuracy and alignment [51,64]. This distinction clarifies why
benchmark-only evaluation is insufficient without alignment-aware protocols.

Overall, evaluation of LLMs has gradually evolved from static task-oriented bench-
marks towards more comprehensive and human-centered assessment frameworks. Tradi-
tional benchmarks remain essential for measuring core linguistic competence and reasoning
capabilities, including suites such as GLUE, SuperGLUE, MMLU, and BIG-bench [58].
However, recent advances increasingly emphasize dimensions such as safety, alignment,
robustness, and real-world applicability [65]. This transition reflects the growing need for
evaluation methodologies that capture not only what LLMs can do but also how reliably
and responsibly they behave in realistic deployment settings [63].

Recent research has shifted toward multi-dimensional, domain-specific, and human-
centered evaluation paradigms [65]. For example, SAGE provides a modular framework
for assessing LLM safety in multi-turn conversational scenarios [63], while MBias proposes
strategies to mitigate bias without sacrificing contextual performance [66]. Other studies
have investigated the faithfulness and reliability of toxicity explanations under human-
aligned evaluation protocols [67]. In addition, enterprise-focused benchmarks and applied
case studies have emerged to assess model behavior in practical organizational settings [68].
Collectively, these developments highlight that modern LLM evaluation is no longer limited
to automated accuracy metrics but increasingly incorporates human feedback, robustness
testing, and alignment-aware assessment [63,67].

Table 7 summarizes the main training paradigms used in contemporary LLM devel-
opment, highlighting that state-of-the-art systems rely on a multi-stage pipeline rather
than a single training method. Large-scale self-supervised pre-training provides broad
linguistic and world knowledge but comes with high computational cost and does not
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by itself ensure alignment or instruction-following behavior [1,5]. Supervised fine-tuning
and instruction tuning adapt foundation models to downstream tasks and improve con-
trollability, although they depend on high-quality labeled and instructional data [22,24].
Reinforcement Learning from Human Feedback (RLHF) further aligns model outputs with
human preferences and safety constraints, though at the expense of increased complexity
and human annotation effort [26,27]. Finally, Parameter-Efficient Fine-Tuning (PEFT) meth-
ods offer scalable alternatives for low-resource adaptation while maintaining competitive
performance [37,39]. Overall, modern LLM training balances generalization, alignment,
and efficiency by combining multiple complementary strategies across the full pipeline.

Table 7. Comparison of major LLM training and adaptation paradigms across the full pipeline.
The table summarizes objectives, advantages, limitations, and representative model families for
pre-training, SFT, instruction tuning, RLHF/DPO alignment, and PEFT, emphasizing the multi-stage
nature of state-of-the-art LLM development.

Method Description Advantages Disadvantages Example
Models Refs

Pre-training
(CLM, MLM,
Span
Corruption,
UL2)

Self-supervised
learning on
massive text
corpora

Learns
general language/
world
knowledge;
foundation for
downstream
tasks

Very high
computational
cost; large data
requirements;
may encode
biases

GPT, BERT,
LLaMA [1,5,10,13]

Supervised
Fine-Tuning
(SFT)

Task-specific
supervised
training on
labeled datasets

Improves task
performance;
better
instruction-
following

Limited
generalization;
expensive to
curate large
labeled datasets

FLAN-T5,
Qwen [22,23]

Instruction
Tuning

Fine-tuning on
datasets of
instructions and
responses

Enhances
generalization
to unseen tasks;
improves
adherence to
instructions

Requires
high-quality
instruction
datasets; com-
putationally
intensive

FLAN,
Self-Instruct [24,25]

Reinforcement
Learning from
Human
Feedback
(RLHF/DPO)

Optimizes
model outputs
using reward
modeling and
preference-
based objectives

Aligns model
behavior with
human values;
reduces harmful
outputs

Complex
pipeline;
expensive;
requires human
labeling

ChatGPT-class
systems;
Claude-class
systems

[26,27,38]

Parameter-
Efficient
Fine-Tuning
(PEFT)

Updates only
small subsets of
parameters (e.g.,
LoRA, QLoRA)

Low memory
and compute
requirements;
fast adaptation
to new tasks

May
underperform
full fine-tuning;
requires careful
configuration

LLaMA-LoRA,
QLoRA models [37,39,41]

As summarized in the table, evaluation of LLMs has gradually shifted from purely
task-centric benchmarks to more training-aware and alignment-aware frameworks. This
shift reflects the growing understanding that benchmark scores alone cannot fully explain
how training objectives, alignment strategies, and architectural choices influence model
behavior, reasoning, and safety.

8. Analytical Taxonomy: Training Efficiency vs. Alignment and
Reasoning Quality

While numerous surveys describe LLM training techniques in isolation, a central prac-
tical challenge is understanding the tradeoff landscape across the full training pipeline. To
provide a differentiated comparative contribution beyond thematic grouping, we propose
a unified analytical taxonomy that positions modern LLM approaches along two axes:
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(i) Training Efficiency, capturing the compute/parameter cost required to scale capability
(e.g., dense vs. sparse activation, FLOPs efficiency, and parameter-efficient fine-tuning); and
(ii) Alignment and Reasoning Quality, capturing how post-training improves instruction-
following, helpfulness/safety, and increasingly verifiable reasoning performance.

As illustrated in Figure 3, contemporary LLM training approaches occupy dis-
tinct regions in a two-dimensional design space defined by training efficiency and
alignment quality.
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Dense pre-training
(GPT/LLaMA-style)

RLHF / DPO
(preference alignment) RLVR / verifiable

reward alignment

PEFT
(LoRA/Adapters)

Sparse MoE
(DeepSeek-style)

Higher alignment / reasoning focus

More efficient

Figure 3. Proposed analytical taxonomy of LLM training methods along two axes: training efficiency
(compute/parameter cost) versus alignment and reasoning quality. Arrows indicate the general
trade-off direction between efficiency and alignment objectives.

8.1. DenseScaling vs. Sparse Efficiency

Dense transformer families (e.g., GPT-style and LLaMA-style models) primarily ad-
vance capabilities through parameter scaling and large-scale pre-training. In contrast,
sparse Mixture-of-Experts (MoE) architectures (e.g., DeepSeek-style) activate only a subset
of parameters per token, improving training and inference efficiency while maintaining
competitive benchmark performance.

8.2. Alignment Optimization and the “Alignment Tax”

Post-training alignment methods such as RLHF and preference optimization (DPO) [27,38]
can improve instruction compliance and safety, but may introduce an “alignment tax” in
which overly constrained optimization degrades generality or reasoning depth [26,27].
Emerging approaches based on verifiable rewards (RLVR) [51,56] represent a shift toward
scalable reasoning-centric alignment that targets correctness signals.

8.3. Why Does the Alignment Tax Emerge?

The alignment–capability tension is not merely conceptual but arises from concrete
optimization dynamics in preference-based post-training. In RLHF-style pipelines, the
model is optimized against a learned reward function trained to predict human preference
judgments rather than ground-truth task correctness [26,27]. Because preference labels
often reward properties such as politeness, caution, or harmlessness, they may only im-
perfectly correlate with objective reasoning accuracy. As reward optimization pressure
increases, the policy is incentivized to maximize preference scores even when this entails
producing shorter, more conservative, or less exploratory responses. In multi-step rea-
soning tasks, this may suppress intermediate reasoning chains or reduce willingness to
attempt complex solutions. For example, on multi-step arithmetic benchmarks such as

https://doi.org/10.3390/technologies14020133

https://doi.org/10.3390/technologies14020133


Technologies 2026, 14, 133 17 of 23

GSM8K, a preference-optimized model may favor concise high-level answers that appear
safe and confident rather than explicitly articulating intermediate reasoning steps, leading
to reduced exact-match accuracy despite improved helpfulness ratings. Such dynamics
can produce measurable regressions on capability-oriented benchmarks. Lin et al. [64]
quantified this phenomenon by reporting performance declines on reasoning-intensive
benchmarks such as GSM8K and MMLU as RLHF alignment strength increases.

Such effects motivate verifiable-reward approaches (RLVR), which ground optimiza-
tion in objective correctness criteria rather than subjective preference modeling [51,56].

8.4. Mapping Paradigms to the Taxonomy

Table 8 summarizes how major training paradigms map onto this efficiency–alignment
landscape. Overall, this taxonomy provides a concise comparative lens that connects
foundational training pipelines to frontier reasoning-centric and efficiency-driven de-
sign choices.

Table 8. Mapping of major LLM training paradigms within the proposed efficiency–alignment
taxonomy. Rows summarize how each paradigm primarily contributes to (i) training/inference
efficiency and (ii) alignment and reasoning quality, providing a compact comparative lens beyond
stage-by-stage descriptions.

Paradigm Efficiency Focus Alignment/Reasoning
Focus Refs

Dense pre-training
(GPT/LLaMA-style) High-compute scaling General capability

foundation [5,9]

PEFT methods (LoRA,
adapters, prompt-tuning) Reduced fine-tuning cost Task adaptation with

minimal parameter drift [37,39,41]

RLHF/DPO preference
alignment

Moderate post-training
overhead

Helpfulness, safety,
preference shaping;
potential trade-offs

[27,38,64]

Sparse MoE
(DeepSeek-style)

High parameter/compute
efficiency

Competitive reasoning
with sparse activation [48,49,52]

RLVR/verifiable reward
alignment Post-training efficiency

Scalable
correctness-driven
reasoning-centric
alignment

[56]

9. Discussion
Despite their strong empirical performance, Large Language Models (LLMs) continue

to face substantial limitations. Training and deploying state-of-the-art systems requires
extensive computational resources, restricting accessibility and constraining real-world
adoption. Persistent challenges related to hallucination, bias, and limited interpretability
further complicate safe deployment in high-impact domains [8,26].

Recent research increasingly prioritizes efficiency during both training and inference.
Parameter-Efficient Fine-Tuning (PEFT) methods such as LoRA and QLoRA offer a practical
pathway for adapting large models to downstream tasks without prohibitive computational
cost [37,39,41]. At the same time, advances in multilingual and multimodal training aim
to improve robustness across diverse languages and input modalities [42,43]. Equally
important are ongoing efforts to strengthen alignment mechanisms, ensuring that model be-
havior remains consistent with human intentions and safety requirements at scale through
post-training optimization methods such as RLHF [26,27].

These limitations are clearly illustrated by recent reasoning-centric models such
as DeepSeek, which serve as representative case studies of next-generation LLM train-
ing paradigms [48,50]. DeepSeek adopts a sparse Mixture-of-Experts (MoE) architec-
ture, achieving strong performance at significantly reduced computational cost [48,49].
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However, sparse expert activation complicates interpretability and expert specialization
analysis [49,69]. Moreover, standard benchmark-based evaluation often fails to capture
how different training objectives such as reasoning-oriented supervision, algorithmic feed-
back, or search-augmented optimization shape the internal representations learned by
the model [58].

This mismatch highlights the growing need for training-aware evaluation frameworks
that move beyond task-level performance metrics [58,63]. Models such as DeepSeek may
achieve competitive benchmark scores while exhibiting substantially different internal
information allocation, routing dynamics, and reasoning behavior compared to dense,
instruction-tuned counterparts [69].

Training-aware representation analysis, such as fixed-dimensional embedding pro-
jections derived from LLMs (e.g., LLM2Vec-style approaches [70]), offers a promising
complementary evaluation direction. By probing how different training regimes such
as pre-training objectives, sparse MoE routing, instruction tuning, and reinforcement-
based alignment shape latent representations, these methods enable a more granular and
mechanistic understanding of model behavior [70]. In the context of sparsely activated
reasoning-centric systems, embedding-level diagnostics can reveal differences that remain
invisible to conventional benchmarks, supporting more reliable comparison, interpretabil-
ity, and alignment verification [63,66].

Taken together, these observations suggest that future LLM research must jointly
reconsider training strategies and evaluation methodologies, treating them as coupled
design choices rather than independent components.

10. Future Directions
The design trajectory of future LLMs will likely involve an increasingly iterative

integration of the core training stages, including foundation-scale pre-training, instruction
tuning [24], and advanced post-training alignment techniques such as Reinforcement
Learning from Human Feedback (RLHF) [26,27]. This multi-stage paradigm is expected to
produce next-generation systems that maximize capability while maintaining robust safety
and human-aligned behavior [22].

A major engineering priority will be the development of models that not only scale
to extreme levels of complexity but also become more interpretable than today’s largely
opaque “black-box” systems [63]. Improved interpretability is essential for enabling de-
velopers, auditors, and regulators to better understand model decision-making in critical
real-world deployments [66].

Alongside architectural advances, there is an urgent need to unify evaluation frame-
works beyond static benchmark accuracy [58]. Modern assessment protocols must incorpo-
rate dimensions such as alignment with human values [63], mitigation of bias and fairness
risks across diverse user groups [67], and robustness against adversarial or unexpected
inputs [58]. Together, these technical and ethical directions will be essential to ensuring
that future LLMs are reliable, trustworthy, and suitable for societal-scale integration.

11. Limitations
This systematic mapping study is subject to several limitations. First, the field of LLM

training evolves extremely rapidly, and new architectures or alignment paradigms may
emerge shortly after the temporal snapshot captured in this review (2017–2025). Second,
although our search strategy covered major scholarly databases (Scopus, Web of Science,
IEEE Xplore, and Google Scholar), this review may not fully capture specialized regional
venues, industrial reports, or non-English publications.
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Third, given the fast-moving nature of frontier AI research, a subset of influential
works were available primarily as high-impact preprints at the time of writing. While
their inclusion reflects current state-of-the-art developments, it also introduces variation
in peer validation levels. Whenever available, peer-reviewed versions were prioritized
for foundational methods, while recent frontier contributions are cited as preprints due to
the rapid publication cycle of LLM research. Finally, the comparative synthesis presented
in this paper emphasizes methodological categorization and representative paradigms
rather than exhaustive completeness of the entire LLM literature. Future work may update
this mapping as the field continues to evolve and additional peer-reviewed evidence
becomes available.

12. Conclusions
This systematic mapping study has reviewed the evolving methodology of LLM

training across the full pipeline, from foundation-scale pre-training objectives to post-
training alignment and frontier efficiency-oriented architectures. Rather than a single
monolithic procedure, modern LLM development has become a multi-stage process in
which capability acquisition, adaptation, and behavioral control are jointly shaped by
architectural design, optimization objectives, and evaluation constraints.

A central insight of this survey is that training strategies and evaluation practices
cannot be treated as independent components. Design choices in data curation, fine-
tuning, and alignment objectives directly determine not only benchmark outcomes but
also model robustness, interpretability, and deployment safety. In particular, post-training
alignment methods such as RLHF and DPO improve helpfulness and harmlessness, but
also introduce critical tradeoffs—often described as the “alignment–capability tension”
or “alignment tax”—where overly restrictive optimization may reduce general reasoning
depth or performance on unconstrained tasks.

At the same time, the field is undergoing a clear shift towards efficiency-constrained
and reasoning-centric paradigms. Parameter-Efficient Fine-Tuning (PEFT) techniques and
sparse Mixture-of-Experts (MoE) architectures demonstrate that frontier-level performance
is increasingly achievable without uniform dense scaling, highlighting a new axis of
progress driven by activated parameter efficiency. Furthermore, emerging directions such as
Reinforcement Learning with Verifiable Rewards (RLVR) suggest that future breakthroughs
may rely less on subjective preference modeling and more on scalable correctness-driven
reasoning objectives [51,56], particularly in the mathematics, coding, and STEM domains.

Looking forward, several open challenges remain. These include establishing unified
training-aware evaluation standards, improving transparency in alignment objectives,
reducing the computational barriers of large-scale post-training, and developing robust
reasoning verification frameworks that generalize beyond narrow benchmarks. Addressing
these challenges will be essential for building LLMs that are not only more capable but also
efficient, trustworthy, and socially reliable.

Overall, the evolution of LLM training is moving from scale-driven capability ac-
quisition toward a new frontier shaped by efficiency, alignment tradeoffs, and verifiable
reasoning. We hope that the unified taxonomy and comparative evidence provided in this
survey will support both researchers and practitioners in navigating this rapidly advancing
methodological landscape.
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SFT Supervised Fine-Tuning
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RLHF Reinforcement Learning from Human Feedback
DPO Direct Preference Optimization
PEFT Parameter-Efficient Fine-Tuning
LoRA Low-Rank Adaptation
QLoRA Quantized Low-Rank Adaptation
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