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Abstract
This paper presents a systematic review of advanced deep learning methods used for text generation according to
the literature published in 2022-2024. The review analyzes 43 research articles retrieved from the Scopus database
focusing on the neural network architectures and approaches employed for text generation tasks. The results
show that models based on the Transformer architecture, such as GPT-2, GPT-3, BERT, and their variants, are
the most popular among the innovative approaches. Attention mechanisms and controllable text generation
techniques are also gaining popularity. Overall, there is a trend of shifting from traditional methods to more
innovative and effective models based on the Transformer architecture and attention mechanisms. Because the
systematic search was executed in February 2024, the paper additionally provides a narrative, non-systematic
discussion of developments between 2024 and 2026, which finds that Transformer dominance persisted while the
locus of innovation moved to post-training, inference-time computation, retrieval and evaluation. The findings
of this review can guide researchers and practitioners in selecting appropriate methods and architectures for
developing text generation systems and identifying promising directions for future research in this field.
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1. Introduction

Text generation is a subfield of Natural Language Processing (NLP) that combines computational
linguistics and artificial intelligence to generate natural language text [1]. The recent advancements
in deep learning, particularly the emergence of large language models like GPT-3 [2], have fueled the
interest in text generation and opened up new possibilities for automating the creation of various types
of textual content.

Fatima et al. [1] conducted a systematic review of text generation using deep neural network models
covering 90 sources from 2015 to 2021. However, the rapid development of large language models and
their increasing accessibility in 2022-2023 [3] has led to a surge of interest in this field, necessitating an
update to the previous review.
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2. Methodology

2.1. Search strategy and information sources

The Scopus database was selected as the sole information source for this review, considering its extensive
coverage of relevant libraries and databases. The following search query was used to retrieve articles:
TITLE-ABS-KEY(neural network) OR TITLE-ABS-KEY(machine learning) OR
TITLE-ABS-KEY(deep learning)) AND TITLE("text generation")

2.2. Eligibility criteria and study selection

The inclusion criteria for the articles were: (1) published between 2022 and 2024; (2) focus on text
generation using artificial neural networks; (3) describe approaches, architectures, quality metrics,
languages, datasets, or applications of text generation.

The exclusion criteria were: (1) published before 2022 or not containing data from 2022-2024; (2) not
related to text generation or not using artificial neural networks; (3) not containing relevant information
for the research questions.

The study selection process followed the PRISMA methodology [4]. Out of 248 documents retrieved
from Scopus, 43 articles were selected for the final review after applying the eligibility criteria and
removing duplicates.

The search was executed in February 2024, which fixes the evidence base of this review to the
2022–2024 window. Because the paper is published in 2026, section 4 adds a narrative, non-systematic
discussion of developments after that cutoff; it does not extend the systematic search reported here.

3. Results

3.1. Overview of selected studies

The 43 articles selected for the review were published in 2022 (19 articles), 2023 (22 articles), and 2024 (2
articles as of February). There was a predominance of journal articles (22) over conference papers (21),
which may indicate a more thorough coverage of the text generation issues in journals in recent years.

The analysis of 43 selected articles reveals a trend towards more in-depth coverage of text generation
topics in scientific journals compared to conference proceedings. This trend is consistent with findings
from previous reviews [1], but shows an acceleration in the shift towards journal publications. For
instance, while Fatima et al. [1] reported a relatively even split between journal and conference papers
in 2015-2021, our analysis shows a clear preference for journal publications in 2023-2024. This could
indicate a maturation of the field, with researchers producing more comprehensive and thoroughly
validated studies.

3.2. Advanced deep learning methods for text generation

Table 1 presents an overview of the neural network architectures used for text generation according to
the 2022-2024 research data. The architectures are divided into traditional and innovative approaches.

Table 1 provides a comprehensive overview of both traditional and innovative neural network
architectures used for text generation. The traditional approaches, such as RNN and LSTM, are still
in use but are being increasingly supplanted by innovative approaches. Notably, Transformer-based
models like BERT and GPT variants dominate the innovative approaches, reflecting the paradigm shift
in natural language processing towards attention-based mechanisms. The diversity of architectures
underscores the rapid evolution and experimentation in the field of text generation.

Among the innovative approaches, the most popular are models based on the Transformer architecture,
such as GPT-2, GPT-3, BERT, and their variations. These models demonstrate high efficiency in
generating coherent and semantically relevant text. Approaches using attention mechanisms and
controllable text generation techniques are also gaining popularity.
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Table 1
Neural network architectures for text generation.

Architecture Description Representatives Articles
Traditional approaches

RNN Recurrent Neural Networks used for se-
quential data processing.

– [5, 6, 7, 8, 9, 10, 11]

LSTM A variant of RNN that better remembers
long-term dependencies.

– [5, 8, 12, 13, 14, 10,
11, 15, 9, 16, 17]

CNN Convolutional Neural Networks often
used for image processing.

YOLOv5 [5, 6, 18, 19]

Graph Neural Networks Models that work with graph data struc-
tures.

GraphWriter, CGE-LW [20, 6]

Innovative approaches
Autoencoders Networks used for learning effective en-

codings of unlabeled data.
AE, VAE, iVAE, clVAE+ MI,
𝛽0.4 VAE, SaVAE, LagVAE

[21, 14, 10]

Transformer Architecture that uses an attention
mechanism for sequential data process-
ing.

T5, CodeT5, TrICY, DETR [20, 6, 22, 23, 24, 7,
25, 26, 27, 28, 29,
16, 30, 31, 32, 33,
23, 34]

BERT A Transformer-based model trained on
large amounts of unlabeled text.

PubmedBERT, Bi-
oLinkBERT, RoBERTa,
XLM-RoBERTa

[25, 35, 12, 22, 23,
26, 36, 37, 11, 38,
27, 39, 6, 30, 40, 41]

GPT-2, GPT-3 Transformer-based models used for text
generation.

OPT, Llama, CodeBERT [5, 25, 8, 9, 12, 7, 14,
22, 42, 28, 39, 43,
44, 36, 23, 15, 45,
27, 35, 32, 41, 46,
30, 31, 33]

Attention-based models Models that use attention mechanisms
to improve the quality of generated text.

– [7, 25, 26, 36, 31,
33]

Seq2Seq Architecture that uses an encoder and
decoder for sequence generation.

S2ST, S2SL, S2SG, S2ST+,
D+ Full, DSG

[30, 14, 17, 37, 24,
47, 31]

GAN Generative Adversarial Networks con-
sisting of a generator and discriminator.

EGAN, TILGAN, DoubAN-
Full, WRGAN, CatGAN, Se-
qGAN, DGSAN

[5, 10, 45]

Table 2 presents a generalization of text generation approaches based on the data from table 1.

Table 2
Text generation approaches.

Category Articles
Traditional approaches [13, 18, 19]
Innovative approaches [22, 23, 24, 25, 26, 27, 28, 29, 30, 31, 32, 33, 34, 35, 36, 37,

38, 39, 40, 41, 42, 43, 44, 45, 46, 47]
Combination of traditional and innovative approaches [5, 6, 7, 8, 9, 10, 11, 12, 14, 15, 16, 17, 20]

Traditional approaches, although used less frequently, still find application in certain tasks, such as
image-based text generation, machine translation, and others.

Overall, there is a trend of shifting from traditional approaches to more innovative and effective
models based on the Transformer architecture and attention mechanisms. This allows improving the
quality of the generated text and expanding the scope of these technologies.

Figure 1 shows that innovative approaches to text generation predominate in 2022 and 2023, while
traditional approaches and a combination of approaches are less common.

Comparing the obtained results with the data from the previous systematic review [1], the following
conclusions can be drawn:
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Figure 1: Distribution of articles by year and text generation approach categories.

• Traditional approaches, such as RNN, LSTM, and CNN, are still used for text generation but to a
lesser extent compared to innovative approaches.

• The Transformer architecture and its variants (GPT-2, GPT-3, BERT) have gained significant
popularity in 2022-2024, demonstrating high efficiency in generating coherent and semantically
relevant text.

• New architectures and approaches have emerged, such as Diffusion Models and Memory Networks
models, which were not presented in the previous review.

• Significant attention is paid to models using attention mechanisms and controllable text genera-
tion.

• There is a trend towards combining traditional and innovative approaches to achieve better
results in text generation.

• Overall, in 2022-2024, there is a shift from traditional approaches to more innovative and effective
models based on the Transformer architecture and attention mechanisms, which allows improving
the quality of the generated text and expanding the scope of these technologies.

4. Discussion: neural text generation after the review window

4.1. Why this section is needed, and what it is not

The search reported in section 2 was executed in February 2024 and, by construction, describes work
published between 2022 and the opening weeks of 2024. This paper appears in 2026. A review that
stops at its own search date invites being read as a statement about the present rather than about the
window it actually covers, and in this particular field the gap is not a formality: the two years that
followed the cutoff reorganised how text generation systems are built, evaluated and deployed.
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The status of what follows should therefore be stated plainly. The PRISMA process of section 2 is not
re-run, no article is added to the 43 that constitute the evidence base, and tables 1 and 2 are left exactly
as the systematic search produced them. This section is a narrative, non-systematic update. Its sources
were gathered by putting twenty-six structured questions about post-cutoff developments, together
with one synthesis request spanning the same ground, to Scopus AI over the Scopus corpus – the same
database the review itself used – and keeping only returned references that carry a resolvable DOI.
The procedure is reproducible and its provenance is documented, but it has no eligibility protocol, no
duplicate screening and no claim to completeness. Section 4.12 states what follows from that.

4.2. The headline change: innovation moved off the backbone

The most useful single observation about 2024–2026 is that the backbone did not change much and
almost everything around it did. Transformer-based models remained the prevailing paradigm for text
generation throughout the period [48, 49, 50], so the central finding of this review survives intact. What
moved was the locus of innovation: by 2026 the quality of a generation system was determined less by
which architecture it used than by the stack assembled around it.

It is convenient to separate five layers, because the update is essentially a statement about where
research attention travelled through them. The backbone is the pretrained model, still almost always a
Transformer. Post-training adapts it through instruction tuning, parameter-efficient fine-tuning and
preference optimisation. Inference-time control improves outputs without touching weights, through
reasoning, search, retrieval and tools. The evaluation stack decides whether any of it worked. The risk
stack decides whether it is safe to deploy. Between 2022 and 2024 the literature surveyed in section 3 was
concentrated in the first layer, comparing architectures against one another. By 2026 the comparative
question had largely been settled and the open problems had migrated upward.

This reframing matters for how the present review should be read. Its architecture-centred tables
describe a period in which architecture was the variable of interest. That was an accurate description of
2022–2024 research, and it is no longer an accurate description of where the difficulty lies.

4.3. Architectures: continuity, with qualifications

Within the backbone layer the picture is one of narrowing rather than upheaval. Where 2022–2023
work treated encoder–decoder, recurrent and Transformer designs as competing options, 2025–2026
work is organised around decoder-only large language models and their retrieval-augmented variants,
and increasingly asks which adaptation strategy to apply rather than which architecture to choose
[48, 50]. The shift is from “Transformers versus older generators” to “which Transformer derivative,
adapted how”.

Two qualifications are needed, and both cut against a conclusion drawn in section 3. First, state
space models emerged after the cutoff as a genuine alternative line of work rather than a curiosity:
Mamba and its successors are explicitly positioned as alternatives to self-attention and reach parity
on several sequence tasks, while remaining weaker on long-context generalisation and prone to local-
pattern shortcuts, which is why the strongest systems in this line are extensions and hybrids rather
than replacements [51, 52, 53, 54]. Second, diffusion models for text, which the 2022–2024 corpus
registered only as an emerging possibility, matured into a practical contender with competitive quality
and materially faster inference on selected tasks [55, 56, 57].

Generation also stopped being a text-only problem. Where the reviewed corpus treats image-
conditioned captioning as one application among several, post-2024 work is organised around joint
generative systems in which text is produced together with, and explicitly aligned to, images, audio
or video, with evaluation designed per modality rather than borrowed from text [58, 59, 60, 61]. The
operative question moved from whether a model can describe an image to whether its output stays
coherent across modalities.

Sparse mixture-of-experts designs are the one architectural development with immediate economic
consequences. The post-2024 evidence is that they deliver better quality per unit of training compute,
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but that the saving is contingent on a serving stack built around routing, batching and memory locality;
without it, latency and memory traffic absorb the gain [62, 63, 64, 65, 66].

4.4. Post-training became the main differentiator

The clearest training-side change is that pretraining stopped being the interesting part. Instruction
tuning, supervised fine-tuning and parameter-efficient methods such as LoRA became the standard
route to downstream quality, with the parameter-efficient variants preserving most of the gain at a
fraction of the cost, though not without measurable effects on output diversity [67, 68].

Preference-based alignment moved further and faster. Direct preference optimisation spread widely
because it dispenses with a separately trained reward model and shortens the pipeline, and the post-2024
literature continues to apply and extend it – to summarisation with small models, and alongside prefix-
and process-level reinforcement schemes – rather than abandon it [69, 70, 71]. Reinforcement learning
from verifiable rewards, in which correctness is checked automatically instead of judged by annotators,
moved from a niche idea to a central post-training route for reasoning-heavy generation [71, 72, 73].
The most visible demonstration is a reasoning model trained largely through reinforcement learning
with verifiable rewards [74]. It is worth recording that the field did not simply converge on the simpler
method: the comparative evidence remains genuinely mixed, with policy-optimisation methods still
outperforming direct preference optimisation on some testbeds.

Open weight releases are the enabling condition for much of this. Their research effect was to convert
text generation from a largely API-mediated activity into a reproducible one, in which fine-tuning,
benchmarking and domain adaptation can be carried out and replicated locally [75, 76, 77]. The same
openness widened the attack surface, a point taken up in section 4.9.

Small models became a research programme in their own right rather than a compromise. The
consistent post-2024 finding is a division of labour: distillation preserves generation quality when
shrinking a model, quantisation makes the result deployable, and the strongest systems combine both,
with the balance set by whether latency, memory, energy or fidelity dominates [78, 79, 80, 81].

4.5. Inference-time computation became a first-class variable

Nothing in the 2022–2024 corpus anticipates how much of the post-cutoff quality gain would come
from spending computation at inference rather than at training. Chain-of-thought prompting, self-
consistency, tree- and graph-structured search, and self-verification were treated by 2026 as core quality
mechanisms rather than prompting tricks [82, 83, 84].

The evidence supports a conditional rather than a general claim. Additional inference compute
helps when the task rewards deliberation, branching or verification, and the returns are best when
compute is allocated adaptively per problem rather than spent uniformly [84]. On easy problems the
same machinery produces redundancy and measurable over-reasoning, and self-revision can degrade
an answer that was already correct [85]. Structured search combined with verification generally
outperforms simply generating longer reasoning traces.

4.6. Retrieval, tools and agents

Retrieval-augmented generation developed from a single retrieve-then-generate step into modular
pipelines with query rewriting, reranking, adaptive retrieval and uncertainty estimation, and then
into graph-based and agentic designs that traverse structured knowledge [86, 87, 88]. The effect on
factual accuracy is positive but conditional on retrieval quality, which is why uncertainty-aware and
multi-evidence designs became necessary rather than optional [87, 88]; deployed systems in education
and auditing show the same dependence on the quality of what is retrieved [89, 90].

Tool-using and code-executing agents became a substantial literature after the cutoff, with the field’s
centre of gravity moving from whether models can invoke tools to when they do so correctly, safely
and efficiently [91, 92, 93]. Systematic taxonomies of agent failure modes now exist [94, 95], which is
itself an indicator of maturity: the failures are reproducible enough to classify.
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4.7. Control widened from decoding constraints to control stacks

Controllable generation, which this review identified as a rising theme, did rise – but its meaning
widened enough that the 2022–2024 framing no longer contains it. Control in the earlier corpus meant
decoding constraints and attribute conditioning. By 2026 it denoted a stack combining prompting,
decoding-time constraints, fine-tuning, reinforcement learning, latent and activation steering, and
post-processing, with measurable gains in fine-grained adherence to format and attribute constraints
[96]. Dense multi-constraint tasks, safety robustness and faithfulness remain the standing failure cases.

A distinct strand constrains output to a formal grammar or schema, driven by the practical need to
place generated text into software pipelines. Structured decoding reliably improves syntactic validity
and schema compliance, but naive hard masking degrades reasoning quality even as it guarantees well-
formed output; the better methods preserve the model’s conditional distribution or align constraints
with token boundaries [97, 98, 99, 100].

Long context deserves a note here because it was widely expected to solve control and grounding
problems and largely did not. Context windows reached hundreds of thousands of tokens, but the
capacity did not translate reliably into use: models still degrade with input length, lose factual precision,
and miss relevant material that is demonstrably inside the window [101, 102, 103]. Long contexts also
opened new safety failures peculiar to length [104, 105].

4.8. Evaluation was the quietest and most consequential change

The review’s own corpus evaluated generated text largely with n-gram overlap against references. The
post-2024 literature treats that as insufficient on its own – not obsolete, but incapable of answering the
question that now matters, which is whether output is correct, faithful and useful under the task’s real
constraints [106, 107]. Evaluation moved toward combinations of semantic metrics, factuality checks,
domain benchmarks and human judgement.

Using language models as judges became the standard way to make that affordable, and the post-2024
assessment of the practice is carefully bounded. Judge models are usable as scalable surrogates in
narrow, well-structured settings and under human oversight, while remaining sensitive to prompt
design, position and verbosity, and to domain mismatch [108, 109, 110, 111]. The defensible position is
that they are a triage layer, not a replacement for human raters [112].

Two threats to benchmark validity received sustained attention for the first time. Contamination
inflates scores when evaluation data has leaked into training data, and saturation means that even
uncontaminated benchmarks stop discriminating between strong models; they are separate problems
that compound [113, 114, 115, 116]. The response has been a move away from single static leaderboards
toward harder, more diverse and less leak-prone designs, with newly collected reference texts used
specifically to reduce contamination [106].

Hallucination matured from a defect to be eliminated into a residual risk to be managed. The literature
now distinguishes intrinsic from extrinsic error and factuality from faithfulness, and treats mitigation
as a pipeline property – grounding, then adaptive retrieval, uncertainty estimation, verification and
human review – rather than a decoding fix [88, 117, 118]. The prevailing conclusion is that hallucination
is not fully eliminable in general-purpose models, and that bounding it requires external verification.

4.9. Risks widened from output quality to system security

Risk research broadened more than any area except inference-time methods. Jailbreaks and prompt
injection became first-class concerns, with attacks shown to generalise across models and modalities,
and with retrieval and agent pipelines providing indirect injection surfaces that model-level alignment
does not cover [119, 120, 121, 122]. Retrieval augmentation, adopted largely as a safety measure
against fabrication, does not itself make a system safer [123]. The defensive consensus is layered:
filtering, provenance tracking, sandboxing and continuous red-teaming, because model-only defences
are insufficient [124, 125, 126].
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Provenance became a research area in its own right after the cutoff, along two lines: post-hoc
detection of machine-generated text, and watermarking at generation time [127, 128, 129, 130]. Both are
brittle in the ways that matter – detectors under distribution shift and adversarial rewriting, watermarks
under paraphrase and translation [131].

Training on machine-generated text raised a question with no analogue in the 2022–2024 corpus,
since the web it presupposes was still mostly human-written. Unfiltered recursive training on synthetic
output degrades models, but the post-2024 finding is narrower than the popular reading: synthetic data
is useful when its distribution is controlled, verified or mixed with sufficient real data, and the field is
moving toward data-quality engineering rather than away from synthetic corpora [132, 133, 134].

Two further constraints appear that the earlier corpus does not register as research problems at all. The
environmental cost of generation is now measured over the full lifecycle, and is dominated by inference
volume, hardware and datacentre operation rather than by training a model once [135, 136, 137, 138].
And regulation became a design input: the EU AI Act, journal policies and publication-ethics guidance
converge on no machine authorship, explicit disclosure and human accountability, while uptake has
outrun compliance and left a measurable transparency gap [139, 140, 141, 142].

4.10. Languages, domains and the writing process

Low-resource generation, which the 2022–2024 corpus treated as a data problem, became a method
problem: parameter-efficient fine-tuning, synthetic data pipelines and language-specific benchmarks
now carry the work [143, 144, 145, 146]. Ukrainian is a legible instance of the pattern. The period
produced an instruction-tuned Ukrainian text-editing model, a shared task devoted to fine-tuning open-
weight models for the language, and targeted adaptation of open models to Ukrainian representation
[147, 148, 149]; subsequent benchmark work found that base models can outperform instruction-tuned
variants in few-shot settings, and that tokenizer inefficiency remains a measurable cost for Ukrainian
generation [150, 151]. Both findings are cautionary for the assumption, natural in a corpus dominated
by English, that gains transfer across languages unchanged.

Application activity concentrated unevenly. Medicine and biomedicine dominate post-2024 publi-
cation volume by a clear margin, with education and code generation forming substantial secondary
clusters [50, 107, 152, 153]. Finally, a literature on human–model co-writing emerged that has direct
bearing on how this paper and others like it are produced: collaboration raises speed and often quality,
but as the model takes over more of the drafting the output becomes less diverse, less original and less
owned by the writer [154, 155, 156, 157, 158].

4.11. What this means for the conclusions of this review

Table 3 sets the conclusions drawn in section 3 against the post-cutoff evidence. The summary judgement
is that they hold in direction and are incomplete in scope: each remains a defensible statement about
2022–2024, and each requires a qualification that could not have been derived from that window.

Two findings have no counterpart in the original conclusions and would have to be added were the
review repeated today. Inference-time computation is now a primary quality variable, on a par with
model choice. And evaluation has become a research problem rather than a reporting step, because the
metrics used throughout the reviewed corpus cannot answer the questions the field now asks.

4.12. Limitations of this update

This section is narrative and must be read as such. It applies no eligibility criteria, screens no duplicates
and makes no completeness claim, so it cannot support quantitative statements of the kind reported in
section 3 – there is no denominator here, and no counts are given. Its sources were surfaced through
a retrieval system whose ranking is opaque, which favours recent and highly visible work and will
under-represent negative results and small-venue publications; the recency skew is visible in the fact
that most cited items are from 2025–2026. Only DOI-bearing references were retained, which excludes
preprints that have been influential in this field, several of which introduced methods discussed above.
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Table 3
Conclusions of the 2022–2024 review and their standing in the 2024–2026 literature.

Conclusion (2022–2024) Standing Qualification required by 2024–2026 work
Transformer models and
their variants dominate

Holds Dominance became system-level rather than architectural: the
differentiator is the post-training and inference stack, not the
backbone

Attention mechanisms are
increasingly central

Holds Foundational rather than emergent; the frontier moved to what
surrounds an attention-based model

Controllable generation is
gaining popularity

Holds,
widened

Control now denotes a stack spanning prompting, decoding
constraints, tuning, steering and post-processing, not attribute
conditioning

RNN, LSTM, CNN, Seq2Seq
and GAN approaches are
declining

Holds with
exceptions

State space models emerged after the cutoff as a distinct
non-attention line reaching parity on some sequence tasks; the
trend is a falling share rather than disappearance

Diffusion and memory
models are newly emerging

Understated Diffusion language models became practical contenders; memory
and retrieval became core infrastructure

Traditional and innovative
approaches are increasingly
combined

Holds,
redefined

Combination now means hybrid systems – retrieval, tools, verifiers
around a Transformer – rather than hybrid architectures

Finally, the interval covered is short enough that much of the cited work has not yet accumulated
citation history or independent replication, and some of it will not survive. The systematic evidence
of this review remains the 43 articles of 2022–2024; this section is context for reading them, not an
extension of them.

5. Conclusion

This systematic review analyzed the application of artificial neural networks for text generation in
2022-2024, focusing on the advanced deep learning methods employed. The results show that models
based on the Transformer architecture, such as GPT-2, GPT-3, BERT, and their variants, are the most
popular among the innovative approaches. Attention mechanisms and controllable text generation
techniques are also gaining popularity. There is an overall trend of shifting from traditional methods to
more innovative and effective models.

The findings of this review can guide researchers and practitioners in selecting appropriate methods
and architectures for developing text generation systems and identifying promising directions for future
research in this rapidly evolving field. As section 4 sets out, these conclusions hold in direction for the
period they cover, but a reader in 2026 should apply them with the qualifications summarised in table 3:
the decisive variables have moved from the choice of architecture to the post-training and inference-time
stack built around it, and to the evaluation practices used to judge the result. Further studies may focus
on developing new neural network architectures and text generation methods, creating more effective
metrics for evaluating the quality of generated text, expanding the range of languages and domains
of application, and addressing the ethical and social issues associated with the use of text generation
systems.
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