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From training to text generation



Recap: training

Model stages: Training stages:
random neural network (1) Pre-training @
(1] Prague is the capital of Czechia (...)

“autocomplete on steroids”

© Instruction tuning

base / foundational model . . .
user: What is the capital of Czechia?

2 assistant: Prague

assistant o o e
© Human preference optimization &

instruction-tuned model

helpful assistant answer #2: The capital of Czechia is Prague. It is the largest (...)

user: What is the capital of Czechia?
answer #1: Prague.
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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 :
inference

classification, sequence tagging, text generation,

).

. generation
Generation - The process of using a trained

model for producing a sequence of tokens.

decoding

Decoding - The algorithm of selecting the next

token using the model’s internal representation.
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Training vs. inference

Training Inference

. . ) user: Who are you?
Prague is the capital of Czechia

assistant:

-

is the capital of Czechia  <EOS> &%f)
Teacher forcing: We know what token Decoding: We need to select what token
should come next, so we use it to train should come next.

the model.
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Generating text: autoregressive decoding

«» Recipe: How to generate text autoregressively

A N

Start with the context: a sequence of tokens (a “prompt” if instruction-tuned).
Feed the context into the LLM.

Select the next token from the model-generated probability distribution.
Append the selected token to the sequence.

Repeat from (3) until the EOS (end-of-sequence) token is selected.
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What happens during LLM inference?

Inference for dummies £

0Q LLama3.2 1B ~ W B O °

[an 100.00% ] ,,,,,,,,,,,,,,, )

a 0% @

actually 000% @

MODEL OUTPUT

glad 0.00% @
happy 0.00% @
An 0.00% @
excited 0.00% @@

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

What happens during LLM inference?

Advanced version @

Who _are _you ? 1 Tokenization

15546 30

Input embeddings

Positional embeddings

Attention layer

Feed-forward layer

06 --- 08 Last hidden state

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

What happens during LLM inference?

Hardcore version ¢

® LLM Visualization
I < Chapter: Overview > GPT-2 (small)  nano- gpt  GPT-2(XL)  GPT-3
I Table of nooQ
o =
B Contents nano gpt
| How to predict | | 85584
207 ams aan  (IOKGHSHN 1% Intro .
[ Introduction
I Preliminaries
Components
Embedding
Layer Norm
Self
I Attention
Projection
MLP
| Transformer
Softmax
layer norm
¥ Output
\\\\\\
¥
oftmax
|
I { Contin Skip
!

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

Decoding algorithms



Decoding the next token

For each time step ¢, the decoder outputs probability distribution over the tokens
given the previous context P(y, | y1., 1, X).

0.05
0.03
0.03
002 402 0.02 9:02 0.02
0.01 oo
I l 0.01 0.01 0.01 l I 0.01 : 0.01 0.01 .
[l Bl - - HE N

aardvark danger dark desk dinner doctor dog dollar door down dream drive drop drum dust zyzzyva

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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7 Holy grail: Find the most probable continuatiton to our prompt:

y* = argmax P(y) = arg max
yey yed

1

P(y; | Y1, - Ye1)
=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 Adding stochasticity *

probable sequence & .
Temperature / top-k sampling / nucleus

Greedy search / beam search (top-p) sampling
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Greedy decoding source: HF Blog

Algorithm

In each step ¢, select the most probable token: y, = argmax, oy, P(y; | y1, -, Ys—1)

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

e Non-parametric (no hyperparameters
to tune). -

.
woman 0.4

nice 0.5 house

%

e But: may produce sequences that are
too generic.

0.1
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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:

The

1. Extend the sequences from step ¢t — 1 with

all possible tokens.

drives

2. Select the £ most probable sequences for
step t + 1. \

e k=1 - greedy decoding; larger k - slower, but better approximation.

e k> 1 allows re-ranking results.
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https://huggingface.co/blog/how-to-generate

Adding stochasticity source: HE Blog

Instead of picking the most probable token, we can randomly sample the next token

y, according to its conditional probability distribution:

Y ~ P<yt ‘ yl)'“ayt—l)

0.5 0.5
|:| 0.4
|:| |:| i
0.2
0.1
& Him
nice dog car drives is turns
The car drives

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: HE Blog

Selecting the token in each step randomly from &k € {1, ..., |V|} most probable tokens.

The truncated distribution is re-weighted using softmax.

1.0

Zwthop_K P(UJ| “The”) = 0.68 ZwEVtop_K P(w|“The”, “C&I‘”) —=0.99

e N e N
' R ' R

OMDDDDDDDDDD O

nice dog car woman guy man people big house cat drives is turns stops down a not the small told

P(w|“The”) P(w|“The”, “car”)
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https://huggingface.co/blog/how-to-generate

Top-p (nucleus) sampling source: HF Blos

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 & in each step.

1.0

Zwthop_p P(w| “The”) =0.94 Zweva_p P(’lU|“The”, “car”) =0.97

/—/% f_/H

QWDDDDDDDDD oo _

nice dog car woman guy man people big h drives is turns stops down a not the small told

(w‘ CCThe”) P(w| (CThe” , thar77)
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https://huggingface.co/blog/how-to-generate

Te m pel‘atu I‘e source: CME295

The shape of the output distribution can be adjusted using the temperature 7"

exp( )

Z.exp(%)

J

softmax(z) =

e T < 1: more peaked T > 1: more uniformly
T = 1: original distribution .
(T = 0 > greedy decoding) random

-
ST

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

Is greediness all you need?

r/MachinelLearning - 8 mo. ago
zyl1024

[] What happened to "creative" decoding strategy?

Discussion

For GPT-2 and most models at that time, the naive greedy decoding is extremely prone to generating repetitive and
nonsensical outputs very fast, and many techniques, such as top-p sampling, nucleus sampling, repetition penalty, n-
gram penalty, etc. are needed. (e.g. https://arxiv.org/pdf/1904.09751 )

For recent LLMs, | haven't been using any of these tricks, and instead, any temperature between 0 and 1 seems to
work just fine. The only repetitive generation that I've observed seem to be in math reasoning, when the model wants
to do some exhaustive search that didn't succeed.

So are all these custom decoding strategies a thing of the past, and we don't need to worry about degenerate content
generation anymore?

& 23 O 12 jo #> Share

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

NI-NLM - 04 - Lecture Text generation - Decoding algorithms < Running LLMs locally < Summary < Bonus: extra decoding algorithms 23/36



How to use LLMs

Proprietary APIs Open models (local)

e OpenAl (ChatGPT, GPT-40) e Meta (Llama)

e Anthropic (Claude) e Mistral

e Google (Gemini) e Qwen

. .. ° ..

Easy to use, no hardware needed Free, full control

X Paid, no control over the model X Requires hardware (GPU)
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Frameworks for running open LLMs il Sl

HuggingFace transformers: Python library for loading models from the HuggingFace

model repository.

Transformers

release v4.49.0 § Contributor Covenant |w2.0 adopted § DOl 10.5281/zenodo.7391177

build | failing j license Apache-2.0

English | EBi{EH32 | il 3Z | #1301 | Espaiiol | H&EE | &=t | Pycckuii | Portugués | 8ewiv | Francais |
Deutsch | Tiéng Viét | s | 4zl |

State-of-the-art Machine Learning for JAX, PyTorch and TensorFlow
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https://huggingface.co/docs/transformers/llm_tutorial

Frameworks for running open LLMs source: Ollama

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

F@% Discord GitHub Models Q, Search models Signin

All Embedding Vision Tools Popular v

qwq
QwaQ is the reasoning model of the Qwen series.

tools  32b

A, 624.7KPulls 8Tags (D Updated 2 days ago

deepseek-r1

DeepSeek's first-generation of reasoning models with comparable
performance to OpenAl-o1, including six dense models distilled from
DeepSeek-R1 based on Llama and Qwen.

1.5b 7b 8b 14b 3zb 70b 671b

&, 2aMPulls 29Tags  (© Updated 4 weeks ago

llama3.3
New state of the art 70B model. Llama 3.3 70B offers similar
performance compared to the Llama 3.1 405B model.

tools 70b

4, 1.4MPulls  © 14Tags (O Updated 3 months ago
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https://ollama.com

Frameworks for running open LLMs source: vLLM

VLLM: efficient library for serving of LLMs at scale.

ke
ra
La

= O D Q :=Contents

I L L I | Documentation

Welcome to VLLM Indices and tables

Getting Started

Installation v
Quickstart
Examples

Troubleshooting

<

Frequently Asked Questions
Easy, fast, and cheap LLM serving for everyone

Models
C)star 40848 (@D Watch Y Fork

Generative Models
Pooling Models vLLM is a fast and easy-to-use library for LLM inference and serving.

List of Supported Models . i . i ) i
Originally developed in the Sky Computing Lab at UC Berkeley, vLLM has evolved into a community-driven

Built-in Extensions M project with contributions from both academia and industry.
Features vLLM is fast with:
Quantization v
« State-of-the-art serving throughput
LoRA Adapters . . . .
« Efficient management of attention key and value memory with PagedAttention
Tool Calling

« Continuous batching of incoming requests
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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



e Terms:
o inference = using a trained model for predictions
o generation = producing a sequence of tokens

o decoding = selecting the next token.

e Greedy decoding is the simplest approach

e beam search improves it by keeping k£ hypotheses.

e Stochastic methods (top-k, top-p, temperature) add randomness to avoid
repetitive and dull outputs.

e Open LLMs can be run locally using HuggingFace transformers, Ollama, or vLLM.
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Links and resources

e HuggingFace models

e Awesome LLM: curated list of resources

e Transformer inference: 3D visualization

e HuggingFace decoding algorithms overview

e HuggingFace text generation strategies

e Common pitfalls when generating text with LLMs

e Visualizing decoding strategies

e 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

e On NMT Search Errors and Model Errors: Cat Got Your Tongue? (Stahlberg and

Byrne, 2019) - what happens if one manages to approximate exact inference

e On decoding strategies for neural text generators (Wiher et al., 2022) - language

generation tasks vs. decoding strategies.

e If beam search is the answer, what was the question? (Meister et al., 2020) — why

does beam search work so well?

e Understanding the properties of Minimum Bayes Risk decoding in neural machine

translation (Miller and Sennrich, 2021) - when can MBR be useful?

NI-NLM - 04 - Lecture Text generation < Decoding algorithms ¢ Running LLMs locally + Summary < Bonus: extra decoding algorithms 32/36


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: Minimurm Bayes Risk Decoding

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

y* = arg max Z sim(y., Yy)

Yk ye€I\{yr}
‘jwﬂm\ns\m\
e Useful for minimizing pathological behavior. P g
. . & TR TR B AR N 3'“ e
e Intractable - we need a sampling algorithm. RN 1 R A ke
C : , z A UL

e Application in ASR and machine translation. . - . »

Q .
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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

Algorithm 1: Adaptive top-k sampling for perplexity control
Target cross entropy 7, maximum cross entropy ;2 = 2 * 7, learning rate n

on the deSi I‘ed text perplexity. while more words are to be generated do
Compute § from (40): EEA%_l fj}‘

Parameters:

) Compute k£ from (41): & = (1_512\:;2

H Sample the next word X using top-k sampling

& 7T-— the target perpleXIty Compute error: e = G(X) — 7

. Update p: p=p—nx*e
e 1 — learning rate end

Mirostat

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

source: Meister et al. (2023

(Locally) typical sampling

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.

Story Generation Wikipedia

Example: coin toss

p(H) = 0.75, p(T) = 0.25:
e HHHH - most probable sequence

e HTHH - typical sequence

0.12 0.2 0.04

Density

Originates from the information theory: typical messages are the messages that we

would expect from the process.

36/36
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