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Abstract: Natural Language Generation (NLG) is the subfield of Natural Language Processing (NLP)
focused on producing human-like text from structured or unstructured data. Over the last decade,
machine learning —especially deep learning — has transformed NLG, enabling models to generate
coherent, context-aware, and stylistically varied text for tasks such as machine translation,
summarization, dialogue systems, data-to text, and creative writing. This paper provides a
comprehensive survey of NLG using machine learning: theoretical foundations, model architectures,
training methodologies, datasets, evaluation metrics, applications, ethical concerns, open challenges,
and directions for future research.
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L. INTRODUCTION
Natural Language Generation (NLG) converts information into fluent natural language. Historically, early NLG
systems relied on rule-based pipelines: content selection, document planning, sentence planning, and surface.
realization. While interpretable, rule-based systems struggled with scalability and domain transfer. Machine learning
(ML), and especially neural approaches, have largely replaced hand-crafted rules by learning mapping from inputs to
textual outputs directly from data. This paper surveys modern ML techniques for NLG, emphasizing neural sequence-
to-sequence methods and large pretrained language models (PLMs).

1.1 Scope and objectives

This paper aims to: Provide a technical overview of ML architectures used in NLG.
Summarize datasets and preprocessing practices.

Compare training strategies and evaluation metrics.

Discuss real-world applications and deployment considerations.

Address ethical, fairness, and safety issues in generated text

Identify open challenges and suggest future research directions.

II. BACKGROUND AND HISTORICAL PERSPECTIVE
2.1 Rule-based NLG
Early NLG systems used explicit linguistic knowledge: templates, grammar-based surface realization engines, and
pipeline stages for content selection and aggregation. These systems achieved high quality in narrow domains but
required substantial engineering.

2.2 Statistical NLG
Statistical methods introduced data-driven parameter estimation (n-gram language models, phrase-based generation)
that improved fluency and variability, but still relied on heavy feature engineering.
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2.3 Neural NLG

The introduction of neural networks and, specifically, sequence-to-sequence (seq2seq) models with attention
revolutionized NLG. Encoder-decoder architectures allowed end-to-end training. Later, transformer-based architectures
and massive pretraining further improved performance across many tasks.

III. MACHINE LEARNING ARCHITECTURES FOR NLG
3.1 Recurrent Neural Networks (RNNs)
RNNs (including LSTM and GRU variants) were the backbone of early neural NLG systems. In encoder-decoder
setups, an encoder RNN summarized the input into a vector (or sequence of hidden states) and a decoder RNN
produced tokens autoregressively.
e Strengths: Good for handling sequential data and variable-length inputs; widely used with attention.
e Limitations: Long-range dependencies and parallelization issues.

3.2 Convolutional Sequence Models
Convolutional models applied to sequences (e.g., CNN-based encoders/decoders) provided parallelism advantages and
local-context modeling, sometimes combined with pooling or gating.

3.3 Attention mechanisms
Attention allowed decoders to focus on different parts of encoder outputs dynamically. This mechanism improved
alignment (important in translation and data-to-text) and helped gradient flow.

3.4 Transformer architectures
Transformers replaced recurrence with multi-head self-attention, enabling massive parallelism and superior modeling of
long-range dependencies. Important variants include:
e Encoder-Decoder Transformers: Used in machine translation and summarization. Decoder-only Transformers
(causal): Used for unconditional or conditional text generation (e.g., autoregressive language models).
e Encoder-only Transformers: Mainly used for representation learning but adapted into encoder-decoder
settings.

3.5 Pretrained Language Models (PLMs)

Large-scale pretraining on huge corpora (masked language modeling, autoregressive objectives) produced models that
can be fine-tuned for many NLG tasks with remarkable sample efficiency. Examples include generative pretrained
transformers and other large LMs.

3.6 Conditional generation and controllability

Conditional generation conditions output on structured inputs (tables, graphs, images) or control signals: style tokens,
attribute embeddings, prompts, or constrained decoding. Research into controllability focuses on generating text with
desired sentiment, formality, or factuality.

IV.DATA AND DATASETS
4.1 Data types for NLG
e Parallel text-to-text corpora: e.g., translation pairs, summarization pairs.
e Paired structured-to-text datasets: e.g., tables to text (data-to-text), knowledge graphs to descriptions.
e Dialogue corpora: conversational logs with context-response pairs.
e Unconditional corpora: monolingual text used for pretraining.
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4.2 Representative datasets (examples)
e Machine translation: large parallel corpora (e.g., WMT datasets).
e Summarization: news summarization corpora.
e Data-to-text: structured records datasets.
e Dialogue: open-domain conversation datasets, task-oriented dialogue corpora.

4.3 Data collection and preprocessing
e Key steps: normalization, tokenization/subword segmentation (BPE/WordPiece), anonymization, entity
linking, deduplication, and filtering noisy or harmful content. For domain-specific generation, careful
annotation and schema design are critical.

V. TRAINING STRATEGIES AND PRACTICAL CONSIDERATION.
5.1 Supervised fine-tuning
Fine-tuning pretrained models on task-specific parallel data remains dominant. Considerations: learning-rate schedules,
early stopping, and data augmentation.

5.2 Transfer learning and few-shot learning
PLMs enable strong performance with limited task-specific data via few-shot prompting or low-resource fine-tuning
methods (e.g., adapters, LoRA).

5.3 Reinforcement learning and optimization for non-differentiable metrics
Reinforcement learning from human feedback (RLHF) and policy-gradient methods can optimize for human-preferred
qualities or non-differentiable metrics (e.g., human ratings, end-task success).

5.4 Curriculum learning and data weighting
Training schedules that present easier examples first or weight data by quality can help stability and final performance.

5.5 Efficient training: parameter-efficient fine-tuning
Techniques like adapters, prompt tuning, and low-rank adaptations reduce compute and memory costs for adaptation to
many downstream tasks.

VI. DECODING AND GENERATION TECHNIQUES
6.1 Greedy and beam search
Greedy decoding selects highest-probability tokens; beam search explores multiple hypotheses to improve fluency but
can encourage generic outputs.
6.2 Sampling methods
Temperature scaling, top-k, and nucleus (top-p) sampling introduce diversity. Careful tuning balances creativity and
coherence.
6.3 Constrained decoding
Constrained decoding enforces lexical or structural constraints (e.g., must include entities) useful in data-to-text and
controlled generation.
6.4 Minimizing repetition and hallucination
Approaches include coverage mechanisms, repetition penalties, n-gram blocking, and training objectives aligned to
factuality.
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VII. EVALUATION METRICS
7.1 Automatic metrics

e BLEU: n-gram precision-based metric used in translation; limited correlation with human quality for some
tasks.

e ROUGE: recall-oriented metric widely used for summarization.

e METEOR: considers stemming and synonyms.

e CIDEr/ SPICE: used for image captioning and other tasks to measure consensus.

e  Perplexity: measures how well a model predicts test data; useful for language modeling but not sufficient for
downstream generation quality.

7.2 Learned and reference-less metrics
Recently, learned metrics and reference-less evaluation (e.g., using model-based quality predictors) have been proposed
to better align with human judgments.

7.3 Human evaluation
Human raters remain the gold standard. Dimensions to judge: fluency, relevance, coherence, informativeness,
factuality, and style. Well-designed annotation protocols and inter-annotator agreement are crucial.

VIII. APPLICATIONS

e  Machine translation

e  Summarization (single-document, multi-document)

e Dialogue systems and conversational agents

e Data-to-text (reports from tables, weather, finance)

e Question answering and explanation generation

e  Creative writing, story generation, and poetry

e Code generation (natural-language to code)
Each application has domain-specific constraints (factuality for summarization, safety for dialogue) and evaluation
needs.

IX. CHALLENGES AND LIMITATIONS
9.1 Hallucination and factual inaccuracies
Neural models, particularly large PLMs, can generate plausible but incorrect statements. Ensuring factual accuracy
remains a major research area.

9.2 Controllability and bias
Controlling attributes of generated text (tone, style, ideological bias) is challenging. Models inherit biases from training
data and may amplify them.

9.3 Data limitations and domain adaptation
Domain-specific generation suffers when parallel data is scarce. Domain adaptation and few-shot learning partially
address this.

9.4 Evaluation difficulties
Automatic metrics often poorly correlate with human judgments on many NLG tasks. Creating reliable and cost-
effective human evaluation pipelines is hard.
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9.5 Efficiency and environmental cost
Training large models is computationally expensive and environmentally impactful. Research into efficient
architectures and training is ongoing.

X. ETHICS, SAFETY, AND POLICY CONSIDERATIONS

e Misinformation and misuse: Generated text can be used to produce misleading or harmful content.

e Privacy: Models trained on sensitive data can memorize and reveal private information.

e Bias and fairness: Careful dataset curation and bias mitigation are needed.

e  Accountability and transparency: Model documentation, data sheets, and reporting standards (e.g., model
cards) are recommended for responsible deployment.

e Mitigation strategies include human-in-the-loop systems, content filters, provenance signals, attribution
mechanisms, and robust red-teaming.

XI. RECENT ADVANCES AND TRENDS (BRIEF)
Key trends that have shaped NLG include:

e  The rise of large-scale pretrained models and transfer learning.

e Better decoding and prompt-engineering techniques for controllability.

e Integration of retrieval mechanisms to ground generation in external knowledge.
e Increasing emphasis on human-aligned optimization (RLHF) for safer outputs.

XII. FUTURE DIRECTIONS
Promising research areas:
e Factual, grounded generation: Combining retrieval and reasoning to reduce hallucinations.
e Efficient and modular architectures: Better parameter-efficient adaptation and compression.
e  Multimodal NLG: Tighter alignment between text, vision, and other modalities.
e Robust evaluation: Learned metrics and scalable human-in-the-loop methods.
o  Ethical frameworks and regulation: Standards for deployment, transparency, and user consent.

XIII. CONCLUSION
Machine learning has dramatically advanced natural language generation, producing models capable of high-quality,
context-aware text. Nevertheless, major challenges remain in factuality, controllability, evaluation, and ethical
deployment. Ongoing research that combines better architectures, grounding methods, evaluation techniques, and
governance frameworks will be key to trustworthy NLG systems.
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