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From training to text generation



Recap: training

Model stages:

random neural network

1  

“autocomplete on steroids”

base / foundational model

2  

assistant

instruction-tuned model

3  

helpful assistant

Training stages:

1 Pre-training 🌍

 Prague is the capital of Czechia (…)

2 Instruction tuning 💬

 
user: What is the capital of Czechia?
assistant: Prague

3 Human preference optimization 🧑‍⚖️

user: What is the capital of Czechia?
answer #1: Prague.
answer #2: The capital of Czechia is Prague. It is the largest (…)
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LLM inference

This lecture: LLM inference = we have 
a trained model and we want to use it.

Question

What is the difference between inference, generation, and decoding?
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LLM Inference

Inference – The concept of using a trained model 
for making predictions on new data (for 
classification, sequence tagging, text generation, 
…).

Generation – The process of using a trained 
model for producing a sequence of tokens.

Decoding – The algorithm of selecting the next 
token using the model’s internal representation.

inference

generation

decoding
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Training vs. inference

Training

Transformer

Prague is the capital of Czechia

is the capital of Czechia <EOS>

Teacher forcing: We know what token 
should come next, so we use it to train 

the model.

Inference

Transformer

user: Who are you?

assistant:

🤔

Decoding: We need to select what token 
should come next.
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Generating text: autoregressive decoding

🧑‍🍳 Recipe: How to generate text autoregressively
1. Start with the context: a sequence of tokens (a “prompt” if instruction-tuned).
2. Feed the context into the LLM.
3. Select the next token from the model-generated probability distribution.
4. Append the selected token to the sequence.
5. Repeat from (3) until the EOS (end-of-sequence) token is selected.
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What happens during LLM inference?

Inference for dummies 🐥

https://animatedllm.github.io/generation-simple
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https://animatedllm.github.io/generation-simple


What happens during LLM inference?

Advanced version 🎓

https://animatedllm.github.io/generation-model
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https://animatedllm.github.io/generation-model


What happens during LLM inference?

Hardcore version 🤘

https://bbycroft.net/llm
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https://bbycroft.net/llm


Decoding algorithms



Decoding the next token

For each time step 𝑡, the decoder outputs probability distribution over the tokens 
given the previous context 𝑃(𝑦𝑡 | 𝑦1:𝑡−1, 𝑋).

That is where the “job” of the Transformer decoder ends → it is up to us (or our 
decoding algorithm) to use the distribution for decoding the next token.
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Exact inference

🏆 Holy grail: Find the most probable continuation to our prompt:

𝑦∗ = argmax
𝑦∈𝒴︀

𝑃(𝑦) = argmax
𝑦∈𝒴︀

∏
𝑡

𝑖=1
𝑃(𝑦𝑖 | 𝑦1,…, 𝑦𝑡−1)

Question

Why is this not possible in practice?

Intractable (exponential search space) → we need to approximate it.

Question

And is it even our goal?
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Decoding algorithms

Two approaches we typically combine in practice:

Approximating the most 

probable sequence 🤔

Greedy search / beam search

Adding stochasticity 🎲

Temperature / top-k sampling / nucleus 
(top-p) sampling
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Greedy decoding source: HF Blog

Algorithm

In each step 𝑡, select the most probable token: 𝑦𝑡 = argmax𝑦𝑡∈𝒱︀ 𝑃(𝑦𝑡 | 𝑦1,…, 𝑦𝑡−1)

● Very fast, often works satisfactorily 
(especially with LLMs).

● Non-parametric (no hyperparameters 
to tune).

● But: may produce sequences that are 
too generic.
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https://huggingface.co/blog/how-to-generate


Beam search source: HF Blog

Algorithm

Parameter 𝑘: number of sequences (beams).

Each step 𝑡:
1. Extend the sequences from step 𝑡 − 1 with 

all possible tokens.
2. Select the 𝑘 most probable sequences for 

step 𝑡 + 1.

● 𝑘 = 1 → greedy decoding; larger 𝑘 → slower, but better approximation.
● 𝑘 > 1 allows re-ranking results.
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https://huggingface.co/blog/how-to-generate


Adding stochasticity source: HF Blog

Instead of picking the most probable token, we can randomly sample the next token 
𝑦𝑡 according to its conditional probability distribution:

𝑦𝑡 ∼ 𝑃(𝑦𝑡 | 𝑦1,…, 𝑦𝑡−1)

Question

Why is this sampling from the entire vocabulary not a good idea?
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https://huggingface.co/blog/how-to-generate


Top-k sampling source: HF Blog

Selecting the token in each step randomly from 𝑘 ∈ {1,…, |𝒱︀|} most probable tokens. 
The truncated distribution is re-weighted using softmax.
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https://huggingface.co/blog/how-to-generate


Top-p (nucleus) sampling source: HF Blog

Sampling from the nucleus: set of the most probable tokens with combined 
probability summing to 𝑝 ∈ (0, 1].

Similar to top-k, but with a variable 𝑘 in each step.
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https://huggingface.co/blog/how-to-generate


Temperature

The shape of the output distribution can be adjusted using the temperature 𝑇 :

softmax(𝑧) =
exp(𝑧𝑡𝑇 )

∑𝑗 exp(
𝑧𝑗
𝑇 )

𝑇 = 1: original distribution
𝑇 < 1: more peaked

(𝑇 = 0 → greedy decoding)

𝑇 > 1: more uniformly 
random

source: CME295
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https://cme295.stanford.edu/slides/fall25-cme295-lecture3.pdf


Is greediness all you need?

source: Reddit
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https://www.reddit.com/r/MachineLearning/comments/1e42das/d_what_happened_to_creative_decoding_strategy/


Running LLMs locally



How to use LLMs
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How to use LLMs

Proprietary APIs
● OpenAI (ChatGPT, GPT-4o)
● Anthropic (Claude)
● Google (Gemini)
● …

✅ Easy to use, no hardware needed

❌ Paid, no control over the model

Open models (local)
● Meta (Llama)
● Mistral
● Qwen
● …

✅ Free, full control

❌ Requires hardware (GPU)
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Frameworks for running open LLMs

HuggingFace transformers: Python library for loading models from the HuggingFace 
model repository.

source: HF Transformers
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https://huggingface.co/docs/transformers/llm_tutorial


Frameworks for running open LLMs

Ollama: running LLMs locally, easy to use, focus on quantized models.

source: Ollama
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https://ollama.com


Frameworks for running open LLMs

vLLM: efficient library for serving of LLMs at scale.

source: vLLM
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https://vllm.ai


Text generation

Hands-on session 🧑‍💻
(continue until 14:50)

http://tiny.cc/nlm-gen
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http://tiny.cc/nlm-gen


Summary



Summary

● Terms:
○ inference = using a trained model for predictions
○ generation = producing a sequence of tokens
○ decoding = selecting the next token.

● Greedy decoding is the simplest approach
● beam search improves it by keeping 𝑘 hypotheses.
● Stochastic methods (top-k, top-p, temperature) add randomness to avoid 

repetitive and dull outputs.
● Open LLMs can be run locally using HuggingFace transformers, Ollama, or vLLM.
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Links and resources

● HuggingFace models
● Awesome LLM: curated list of resources
● Transformer inference: 3D visualization
● HuggingFace decoding algorithms overview
● HuggingFace text generation strategies
● Common pitfalls when generating text with LLMs
● Visualizing decoding strategies
● Minimum Bayes Risk decoding
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https://huggingface.co/models
https://github.com/Hannibal046/Awesome-LLM
https://bbycroft.net/llm
https://huggingface.co/blog/how-to-generate
https://huggingface.co/docs/transformers/generation_strategies
https://huggingface.co/blog/common-generation-pitfalls
https://mlabonne.github.io/blog/posts/2023-06-07-Decoding_strategies.html
https://arxiv.org/abs/2504.02115


Further reading

● On NMT Search Errors and Model Errors: Cat Got Your Tongue? (Stahlberg and 
Byrne, 2019) – what happens if one manages to approximate exact inference

● On decoding strategies for neural text generators (Wiher et al., 2022) – language 
generation tasks vs. decoding strategies.

● If beam search is the answer, what was the question? (Meister et al., 2020) – why 
does beam search work so well?

● Understanding the properties of Minimum Bayes Risk decoding in neural machine 
translation (Müller and Sennrich, 2021) – when can MBR be useful?
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https://aclanthology.org/D19-1331/
https://aclanthology.org/D19-1331/
https://aclanthology.org/D19-1331/
https://aclanthology.org/2022.tacl-1.58/
https://aclanthology.org/2022.tacl-1.58/
https://aclanthology.org/2020.emnlp-main.170
https://aclanthology.org/2020.emnlp-main.170
https://aclanthology.org/2021.acl-long.22/
https://aclanthology.org/2021.acl-long.22/
https://aclanthology.org/2021.acl-long.22/


Bonus: extra decoding algorithms



Minimum Bayes Risk (MBR) decoding source: Minimum Bayes Risk Decoding

Selecting the sequence most similar to other sequences = “consensus decoding”:

𝑦∗ = argmax
𝑦𝑘∈𝒴︀

∑
𝑦ℓ∈𝒴︀∖{𝑦𝑘}

sim(𝑦𝑘, 𝑦ℓ)

● Useful for minimizing pathological behavior.
● Intractable → we need a sampling algorithm.
● Application in ASR and machine translation.
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https://arxiv.org/abs/2504.02115


Mirostat source: Basu et al. (2021)

Aims to eliminate repetition and incoherent text in stochastic algorithms.

Adapting the 𝑘 parameter based 
on the desired text perplexity.

Parameters:
● 𝜏  – the target perplexity
● 𝜂 – learning rate

Mirostat

“mirum” = surprise, “stat” = control
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https://openreview.net/pdf?id=W1G1JZEIy5_


(Locally) typical sampling source: Meister et al. (2023)

Similar to Mirostat, but dynamic: the perplexity is not pre-specified.

Ensures that in each decoding step, text perplexity is close to the model perplexity.

Example: coin toss

𝑝(𝐻) = 0.75, 𝑝(𝑇 ) = 0.25:
● 𝐻𝐻𝐻𝐻 → most probable sequence
● 𝐻𝑇𝐻𝐻 → typical sequence

Originates from the information theory: typical messages are the messages that we 
would expect from the process.
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https://aclanthology.org/2023.tacl-1.7/
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