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What is NLG?

(And what is it in 2025?)



Natural language generation

NLG = The task of automatically producing text in e.g. English (or any other language).

Task Input Output
Machine translation text in language A text in language B
Summarization long text text summary
Question answering question answer
Image captioning image image caption
Story generation topic story
Paraphrasing text paraphrased text
Data-to-text generation structured data description of the data
Dialogue response generation dialogue act system response
⏟

NLG in a narrow sense
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Natural language generation
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NLG Objectives

General NLG objective

Given input & communication goal, create accurate + natural, well-formed, 
human-like text.

Additional desired properties:
● Variation (avoiding repetitiveness)
● Simplicity (saying only what is intended)
● Adaptability (conditioning on e.g. user model)
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NLG in Dialogue Systems

In the context of dialogue systems:

NLG = system action → system response

“What the system wants to say” “Actually saying it”

System action

Selected by the dialogue manager.

May be conditioned on:
● Dialogue state
● Dialogue history (referring expressions, avoiding repetition)
● User model (e.g., “user wants short answers”)
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NLG Subtasks (Classical NLG Pipeline)

How NLG had to be done before end-to-end neural approaches:

source: Zdeněk K.'s PhD Thesis, Figure 2.4
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https://dspace.cuni.cz/handle/20.500.11956/193018


NLG Approaches: High-level Taxonomy

 1. Hand-written prompts (“canned 

text”)
● Most trivial – hard-coded, no variation.
● Doesn’t scale (good for DTMF phone 

systems).

 2. Templates (“fill in blanks”)
● Simple, but much more expressive.
● Covers most common domains nicely.
● Still laborious, but used in most production 

systems.

 3. Grammars & rules
● Grammars: mostly older research systems.
● Rules: mostly content & sentence planning.

 4. Machine learning
● Modern research systems
● LLMs enable end-to-end approaches
● (Slowly) turning into products nowadays
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Template-based NLG

A historical digression?



Template-based NLG

Still most common in commercial dialogue systems.

Pro: Simple, straighforward, reliable

● Custom-tailored for the domain.
● Complete control of the generated 

content.

Con: Lacks generality and variation

● Difficult to maintain, expensive to 
scale up.

Can be enhanced with rules (heuristics, random variation)
● e.g. articles, inflection of the filled-in phrases

Can be a starting point for ML algorithms
● post-editing / reranking the templates with neural language models
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Template-based NLG – Examples

Facebook (2015)
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Facebook (2019)
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Grammar-based NLG

= How GOFAI had its try at NLG



Grammar / Rule-based NLG

● Based on top of linguistic theories.
● State-of-the-art research systems until the 

arrival of NNs.
● Pipeline: Rules for building tree-like 

structures → rules for tree linearization.

Pro: Reliable, more natural than simple 
templates.

Con: Takes a lot of effort, naturalness 
still not human-level.

Covered in a bit more detail in NPFL123.

source: Mille et al., 2019
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https://aclanthology.org/W19-8659.pdf


Neural NLG

It did not start with ChatGPT…



Neural NLG

● Learning the task from data
● Sequence-to-sequence generation

Pros

● Fluency can match human-level.
● Minimal hand-crafting required.

→ Promising research area 😉

Cons

● Not controllable (“black-box”),
● Semantic inaccuracies (omissions / 

hallucinations),
● Low diversity,
● Expensive data gathering,
● Expensive training,
● Expensive deployment
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RNN-based Approaches

First neural approaches: ~2015

TGen (Dušek & Jurčíček, 2016)
● Standard LSTM with attention.
● Input: triples <intent, slot, value>, output: delexicalized text.
● Uses beam search & reranking.

source: Dušek & Jurčíček, 2016

NPFL099 Lecture 8 2025 Introduction • Templates • Grammars • Neural NLG • Decoding algorithms • LLMs • Open NLG problems 17/39

https://aclweb.org/anthology/P16-2008


Encoders and Decoders

Encoder-decoder
● RNN: Encoder updates hidden state → 

decoder initialized with it.
● Transformer: Encoder generates hidden 

states → decoder attends to them.
● Examples: BART, T5.

Decoder-only
● Input sequence is prepended as a context.
● Decoder generates continuation.
● Examples: GPT-2, modern LLMs.

source: https://jalammar.github.io/illustrated-transformer/
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https://jalammar.github.io/illustrated-transformer/


Training vs. Inference

● Training: Teacher forcing (feeding ground truth).
● Inference: Auto-regressive generation.
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Decoding Algorithms



Decoding Algorithms

For each time step 𝑡, the decoder outputs a probability distribution:

𝑃(𝑦𝑡 | 𝑦1:𝑡−1, 𝑋)

How to use it?
1. Exact inference: Find sequence maximizing 𝑃(𝑦1:𝑇 | 𝑋).
● Not possible in practice (why? and is it our goal?).

2. Approximating the most probable sequence:
● Greedy search, beam search.

3. Adding stochasticity:
● Random / top-k / nucleus (Top-p) sampling.
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Greedy Search

Greedy search: Always select the argmax token.

● Does not necessarily produce the most probable sequence.
● Can produce dull responses.

Example

Context: Try this cake. I baked it 
myself.
Optimal: This cake tastes great.
Greedy: This is okay.
(many examples start with “This is”, no possibility to 
backtrack)

source: HF Blog
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https://huggingface.co/blog/how-to-generate


Beam Search

Beam search: Try 𝑘 continuations of 𝑘 hypotheses, keep 𝑘 best at each step.

● Better approximation, bounded memory.
● 𝑘 = 1 → greedy search.

Reranking

source: Ondřej's PhD thesis, Fig. 7.7

source: HF Blog

NPFL099 Lecture 8 2025 Introduction • Templates • Grammars • Neural NLG • Decoding algorithms • LLMs • Open NLG problems 23/39

http://ufal.mff.cuni.cz/~odusek/2017/docs/thesis.print.pdf
https://huggingface.co/blog/how-to-generate


Stochastic Decoding

Top-k sampling: Choose top k options (~5-500), sample from them

● Avoids the long tail of distribution, more diverse outputs.

source: HF Blog
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Minimum Bayes Risk (MBR)

Minimum Bayes Risk (MBR): Selecting the sequence most similar to other sequences 
= “consensus decoding”

● Useful for minimizing pathological behavior, e.g. decoding an empty sequence.
● Intractable → we need a sampling algorithm
○ 𝜀 sampling: sampling only tokens with a probability larger than epsilon

source: Minimum Bayes Risk Decoding - blog
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https://suzyahyah.github.io/bayesian%20inference/machine%20translation/2022/02/15/mbr-decoding.html


Stochastic Decoding

Top-p (nucleus) sampling: Choose top options that cover ≥ 𝑝 probability mass (~0.9)

● Can be viewed as 𝑘 from top-k adapted according to the distribution shape
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NLG with Large Language Models



NLG with LLMs

● We can simply prompt the model and 
explain the task!

● But: new kinds of problems
○ Response variability (“Here is the 

answer: “, “As an AI language 
model”), prompt sensitivity

○ Semantic errors
○ Closed models: replicability, cost, 

data contamination

Interested in more? Sign up for our NPFL140 (Large 
Language Models)

source: https://www.boredpanda.com/chatgpt-memes/
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https://ufal.mff.cuni.cz/courses/npfl140
https://www.boredpanda.com/chatgpt-memes/


LLMs and Dialogue Systems

● Controlling LLMs is hard
○ → LLMs have still not overtaken 

task-oriented dialogue systems

● On research datasets LLMs still fall 
behind finetuned models

● Problems in practice: hallucinations, 
latency, data
○ See e.g. Amazon Explains Why AI 

Alexa Isn’t Ready, Despite Years of 
Development

source: Hudeček & Dušek (2023)
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https://tech.co/news/amazon-explains-alexa-ai-delays
https://tech.co/news/amazon-explains-alexa-ai-delays
https://tech.co/news/amazon-explains-alexa-ai-delays
https://aclanthology.org/2023.sigdial-1.21/


LLM Agents & Tool Calling

● Tool calling: Model interleaves 
generated text with tool calls.
○ Tools are called externally, result is 

inserted into text.

● LLM agents: “Agents are models using 
tools in a loop” (source)

● Model Context Protocol (MCP): industry 
standard for controlling external 
systems with LLMs.

→ Future of task-oriented dialogue? source: Schick et al. (2023)
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https://simonwillison.net/2025/May/22/tools-in-a-loop/
https://modelcontextprotocol.io/docs/getting-started/intro
https://proceedings.neurips.cc/paper_files/paper/2023/file/d842425e4bf79ba039352da0f658a906-Paper-Conference.pdf


Rule-based NLG with LLMs

Idea: Instead of generating the output text directly, use 
LLMs to generate rules (e.g., Python string templates).
● Fewer hallucinations.
● CPU-only inference (for the rules).

source: Warczynski et al., 2024

Also see Lango and Dušek (2025)
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https://aclanthology.org/2024.inlg-main.48
https://aclanthology.org/2025.emnlp-industry.142


Open Problems in NLG



Content Planning & Selection

Explicit content selection needed for complex inputs (e.g., sports reports).

source: Puduppully et al., 2019

Source statistics Content plan Target text

● RAG for the rescue? Only implicit content selection, problems with structured data
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http://arxiv.org/abs/1809.00582


Data Noise & Cleaning

NLG errors are often caused by data errors

● “Garbage in, garbage out” principle
○ Ambiguous or incomplete inputs → 

hallucinations on the output

● Easy-to-get data are noisy
○ Web scraping – lot of noise, typically not fit 

for purpose
○ Crowdsourcing – workers forget/don’t care

● Cleaning can improve situation a lot (see e.g. 
Dušek et al. (2019)

source: Kasner et al., 2023
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https://aclanthology.org/2023.eacl-main.176/


NLG Evaluation: Which metric to use?

● No “one metric fits all”
○ Not even an agreement on which 

metric to use when

● Often the only way is reporting 
multiple metrics

source: https://gem-benchmark.com source: nlg-metricverse
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https://gem-benchmark.com
https://github.com/disi-unibo-nlp/nlg-metricverse/blob/main/comparison.md


NLG Evaluation: LLM-as-a-judge

The best way to evaluate generated text is often asking an LLM.

● However, watch out for biases and calibration issues.
● Also: who judges the LLM judges? (see Thakur et al., 2024)

source: Gu et al. (2024)
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https://arxiv.org/abs/2406.12624
https://arxiv.org/abs/2411.15594


NLG Evaluation: Beyond numerical scores

We can ask LLMs to provide support for their evaluation:
● Which parts of input support the judgment?
● Free-form explanations (“The text is factually incorrect because…”)

source: Kasner et al. (2025)
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https://arxiv.org/abs/2504.08697


Natural Language Generation

Summary

● NLG: System action → system response.
● Templates: Still work pretty well for production.
● LLMs & prompting: Less effort, high fluency, but hard to control.
● Problems to solve: Content selection, data quality, evaluation.



Thanks

Contact us:
● Slack: ufaldsg.slack.com
● {kasner,odusek}

@ufal.mff.cuni.cz

● Skype/Meet/Zoom/Troja (by 
agreement)

Get these slides here:
● http://ufal.cz/npfl099

References/Inspiration/Further:
● Reiter (2024). Natural Language 

Generation.
● Zdeněk’s PhD thesis (2024)
● Ondřej’s PhD thesis (2017)
● Gatt & Krahmer (2017): Survey of SotA 

in NLG

Next week: Dialogue Management (part 2)
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