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Today's learning outcomes

After today’s class, you should be able to:

e Understand how to generate text with a Transformer-based
language model.

e Explain differences between decoding algorithms and the role of
decoding parameters.

e Choose a suitable LLM for your task.

e Run alLLM locally on your computer or computational cluster.
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Generating text



Recap: Training

Model stages:

random neural
network

“autocomplete on steroids

base / foundational model

assistant

instruction-tuned model

helpful assistant
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Training stages:

0 Pre-training

Prague is the capital of Czechia (...)

a Instruction tuning

R

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

e Human preference optimization

‘251

user: What is the capital of Czechia?

answer #1: Prague.
answer #2: The capital of Czechia is Prague.



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, ...). inference
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

Prague is the capital of Czechia

is the capital of Czechia <EO0S>

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

user: Who are you?
assistant:

DP"‘

Decoding: We need to select what token
should come next.



What happens during LLM inference?

https://bbycroft.net/llm CODE

https://github.com/bbycroft/llm-viz

JIAGRAMS!

ANIMATED;3D
VISUALIZATIONS}+
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https://bbycroft.net/llm
https://github.com/bbycroft/llm-viz

Generating text

For every sequence, the LLM generates a probability distribution over the vocabulary of

tokens.

To generate text:
1. Start with a sequence of tokens (“prompt”).
Feed the sequence into the LLM.
Select the next token from the model-generated probability distribution.
Append the selected token to the sequence.
Repeat from (2).

o s W

- Autoregressive decoding
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Autoregressive decoding

t=1 P(y,| <BOS>, “I”)

a
aardwark
am

I

Transformer

_| the
walrus

] zyzzyva

——

which token to select?
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Autoregressive decoding

t=1 P(y,| <BOS>, “I”)
a
* aardwark
am
Transformer I
_| the
walrus
] zyzzyva

the most probable one?
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Autoregressive decoding

t:2 P(ytl <BOS>, “l", “am")
a
aardwark
am

Transformer I
the
r walrus
T zyzzyva

every single time?
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Autoregressive decoding

t:3 P(ytl <BOS>, “I", uamn’ uthen)
<B0S> —— | a
aardwark
I am
am Transformer model
the
the walrus
' zZyzzyva
e /e walrus
YOLO!
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Autoregressive decoding
t=4

<B0OS>
I

am Transformer

the

walrus
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Decoding algorithms



Greedy decoding

e Selecting the most probable token

in each step t:

Yt — argmax P(yt|y1, ceey yt—1)
yieV

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

e Non-parameteric
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source: https://hugsingface.co/blog/how-to-generate

0. 05\
%
dog \

woman
nice 0.57 house

The

_31

03]

0.1t drives

N
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https://huggingface.co/blog/how-to-generate

Beam search

e Parameter k: number of sequences

e Eachstept:
o Extend the sequences from the step

t-1 with all possible tokens.
The

source: https://hugsingface.co/blog/how-to-generate

o Select the k most probable

sequences for the step t+1.
e Tuning k:
o Rk=1==greedy decoding
o larger kR - slower algorithm

o k>1allows re-ranking results

NPFL140 - LLM Inference
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https://huggingface.co/blog/how-to-generate

Exact Inference = Maximum a posteriori (MAP) decoding

e Finding the most probable sequence (=mode of the LM distribution) given the
step-wise factorization of sequence probability:
t
y* = argmax P(y) = arg max H P(yilyr, -+, Y1)
yey yey 4

e Intractable (exponential search space)
e Can be approximated by greedy decoding or beam search
e The mode may not be a good solution! ([1], [2])

o e.g.an empty sequence

NPFL140 - LLM Inference
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https://arxiv.org/pdf/2005.10283.pdf
https://aclanthology.org/D19-1331/

e Selecting the token in each step
randomly fromk € {1, ..., |V|}
most probable tokens

e The truncated distribution is

re-weighed using softmax

1.0

0.0

D weviopi P(w|“The”) = 0.68

K—/H

" nice dog car woman guy man people big house cat

P(w|“The”)

> weVigp i L (W] “The”, “car”) = 0.99

f_/H

step #1

prefix = “The”
- sampling from
{nice, dog, car,
woman, guy, man}

cum.prob. = 0.68

step #2

prefix = “The car”
- sampling from
{drives, is, turns,

stops, down, a}

cum.prob. = 0.99
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https://huggingface.co/blog/how-to-generate

e Sampling from “nucleus”: set of
the most probable tokens with
combined probability summing to
p € (0,1]

e Similar to top-k sampling, but

with a variable k in each step.

1.0

D weViey, P(w[“The”) = 0.94

/—/%

o,o.._UDDDDDDDDD
nice  dog car woman guy man people big house cat

P(w|“The”)

%

S Vanyp P(w]“The”, “car”) = 0.97

f—/%

drives s turns st d a not the small told

ops down
P(w|“The”, “car”)

step #1

prefix = “The”

- sampling from
{nice, dog, car,
woman, guy, man,
people, big, house}

cum.prob. = 0.94
(>0.9)

step #2

prefix = “The car”
- sampling from
{drives, is, turns}

cum.prob. = 0.97
(>0.9)
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https://huggingface.co/blog/how-to-generate

Temperature

image source: Reddit

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

y;i/T
Zyj eVtop—k €

softmax(y;) =

(original probabilities)

1.0 temp

1.

-80%
9 -10%
3. -10%

0.5 temp

1-I - 96.97%
_ 1.52%
: . 1.52%

2.0 temp

4, - 58.58%
5 - 20.71%
3. [ - 20.71%
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https://www.reddit.com/r/LocalLLaMA/comments/17vonjo/your_settings_are_probably_hurting_your_model_why/

Is greediness all you need? Source: Reddit

[D] 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?

38 O112 Q 2> Share

NPFL140 - LLM Inference
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https://www.reddit.com/r/MachineLearning/comments/1e42das/d_what_happened_to_creative_decoding_strategy/

Navigating the LLM zoo



LLM evolutionary tree
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https://arxiv.org/abs/2304.13712

LLM size and capabilities

Major Large Language Models (LLMs)

ranked by capabilities, sized by billion parameters used for training
CLICK LEGEND ITEMS TO FILTER
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https://informationisbeautiful.net/visualizations/the-rise-of-generative-ai-large-language-models-llms-like-chatgpt/
https://informationisbeautiful.net/visualizations/the-rise-of-generative-ai-large-language-models-llms-like-chatgpt/

Model sources and leaderboards

HuggingFace: the largest repository of open LLMs.

As of March 2025, it contains ~1.5M models (many of these are derivatives).

(%) Hugging Face Q Search models, datasets, users... # Models -~ Datasets
gging

Libraries Datasets Languages Licenses Other Models 1,488,389 Filter by name

Filter Task

W% Qwen/QwQ-32B

eneration - Updated 1 day ago

Multimodal

I Audio-Text-to-Text [, Image-Text-to-Text

& microsoft/Phi-4-multimodal-instruct
@  Visual Question Answering

% Automatic Speech Recognition - Updated about 14 hours £ 155k
E5  Document Question Answering [& Video-Text-to-Text
Visual Document Retrieval . Any-to-Any ~ CohereForAI/aya-vision-8b
to-Text - Update 2 191
Computer Vision
Depth Estimation 5 Image Classification @ tencent/HunyuanVideo-I2V
== Jpdated about 20 ho 70
E5  Object Detection 4  Image Segmentation Spasieeiaholt A he .
% Textto-Imag E ImagetoText & Image-to-imag ) )
® perplexity-ai/r1-1776
E}  Image-to-Video E  Unconditional Image Generation % Text Generation - Updated 10 days ago - % 38.5k © 2.05k

53 Video Classification G Text-to-Video

Zero-Shot Image Classification B Mask Generation

& black-forest-labs/FLUX.1-dev

% Text-to-lmage - Updated Aug 16,2024 - 2.61M

Zero-Shot Object Detection @ Text-to-3D

1l Spaces ® Posts (1 Docs [ Enterprise  Pricing v= .

Full-text search Tl Sort: Trending

« deepseek-ai/DeepSeek-R1

% Text Generation - Updated 12 day

% Wan-AI/Wan2.1-T2V-14B

@ Text-to-Video - Updated 10 days ag;

@ allenai/olmOCR-7B-0225-preview

% Image-Text-to-Text - Updated 11 da 31k « © 483
< THUDM/CogView4-6B

B Text-to-lmage + Updated 4 days ago « & 5.78k 157

< CohereForAI/aya-vision-32b

[ Image-Text-to-Text - Updated 4 days ago - %514 « © 133

%) hexgrad/Kokoro-82M

0 Text-to-Speech - Up d 4 days ago + & 1.54M
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https://huggingface.co/models

Model sources and leaderboards

Chatbot Arena: Elo rating of LLMs.

For a pair of answers from different models, users decide which is

b ettve‘\r K Arena (side-by-side) G Direct Chat W Leaderboard =~ @ Prompt-to-Leaderboard @ Arena Explorer I About us
L]

‘¥ Chatbot Arena LLM Leaderboard: Community-driven Evaluation for Best LLM and Al chatbots

Discord | Twitter | /\T$3 | Blog | GitHub | Paper | Dataset | Kaggle Competition

Chatbot Arena is an open platform for crowdsourced Al benchmarking, developed by researchers at UC Berkeley SkyLab and LMArena. With over 1,000,000 user votes, the platform ranks best LLM and

Al chatbots using the Bradley-Terry model to generate live leaderboards. For technical details, check out our paper.

Chatbot Arena thrives on community engagement — cast your vote to help improve Al evaluation!

Join us in our NEW Discord server: discord.gg/LMArena!

@ Language ﬂ Overview 4 Price Analysis @ WebDev Arena &%) Vision @ Text-to-Image @ Copilot Arena Leaderboard Arena-Hard-Auto
Total #models: 211. Total #votes: 2,736,442. Last updated: 2025-03-02.

Code to recreate leaderboard tables and plots in this notebook. You can contribute your vote at Imarena.ai!

Category Apply filter Overall Questions
overall - Style Control ShowDeprecated #models: 211 (100%) #votes: 2,736,442 (100%)
Rank Arena g . _ i
Rankx (UB) A 4 Model A A 95% CI 4+ Votes 4+ Organization + License A
(StyleCtrl) Score
i 2 1412 +8/-10 3364 XAT Proprietary

NPFL140 - LLM Inference
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https://arena.lmsys.org

Model sources and leaderboards

Open LLM Leaderboard: ratings of open LLMs on benchmarks.

Rank

3

@

Type

g
Open LLM Leaderboard

Comparing Large Language Models in an open and reproducible way

Q_ Ssearch by model name * try "meta @

Supports strict search and regex * Use semicolons for multiple terms

Quick Filters ()  For Edge Devices 741 For Consumers - 410 Mid-range 3076

Model Average

y 3.2-instruct-78b E ] ® 52.08 %
MaziyarPanahi/calme-3.1-instruct-78b 1 £ ® 51.29%
dfurman/CalmeRys-78B-Orpo-v0.1 = ® 51.23%

IFEval

80.63 %

81.36 %

81.63 %

For the GPU-rich - 164

BBH

62.61 %

62.41 %

61.92 %

MATH

40.33 %

39.27 %

40.63 %

4400/ 4400

[J Only Official Providers - 470

GPQA

20.36 %

19.46 %

20.02 %

MUSR

38.53 %

36.50 %

36.37 %

= Advanced Filters (D

MMLU-...

70.03 %

68.72 %

66.80 %

5 table options

m column visibility

CO2 Cost

66.01 kg

64.44 kg

25.99 kg
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https://huggingface.co/spaces/open-llm-leaderboard/open_llm_leaderboard#/

Rules of thumb for selecting a model

e Try a general-purpose model first.
o You can specify your task using in-context learning.
o RAG can help you with a custom knowledge base.
e You may want to use a fine-tuned model, but think carefully about
which data it was finetuned on.
e You probably do not want an off-the-shelf base model unless you
want to fine-tune it (or you are interested in LM on its own).

e Out of the newest models, select the largest model you can support.
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Running LLMs locally



How to use LLMs

NPFL140 - LLM Inference
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Frameworks for running open LLMs

Huggingface transformers: Python library for loading models from the

Huggingface model repository.

Transformers

build | failing J| license Apache-2.0 release v4.49.0 § Contributor Covenant [v2.0 adopted § DOl 10.5281/zenodo.7391177

English | &3 | KL | 30| | Espariol | B&EE | &= | Pycckuii | Portugués | Seod | Frangais |
Deutsch | Tiéng Viét | s | 4 |

State-of-the-art Machine Learning for JAX, PyTorch and TensorFlow
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https://github.com/huggingface/transformers

Frameworks for running open LLMs

Ollama: running a local server, easy to use, focus on quantized models

F&? Discord GitHub Models Q_ Search models Signin

All Embedding Vision Tools Popular v

qwq
QwQ is the reasoning model of the Qwen series.

tools  32b

&, 624.7KPulls  8Tags (® 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 32b 70b 671b

&, 24MPulls 29Tags (® Updated 4 weeks ago
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https://ollama.com

Frameworks for running open LLMs

vLLM: efficient library for serving of LLMs on an enterprise level

= Q .‘ls :] 0 Q i=Contents

vLLM

We I CO m e tO V L L M Indices and tables

Getting Started

Installation v
Quickstart
Examples ‘\%

Troubleshooting

<

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

Models
()star 40848 ©Watch % Fork

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

List of Supported Models - ) . 9 . A
Originally developed in the Sky Computing Lab at UC Berkeley, vLLM has evolved into a community-driven

Buili-in Extensions v project with contributions from both academia and industry.
Features VLLM is fast with:
Quantization 272
« State-of-the-art serving throughput
LoRA Adapters cpss s s "
« Efficient management of attention key and value memory with PagedAttention
Tool Calling

« Continuous batching of incoming requests
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https://docs.vllm.ai/en/latest/

Text generation

Demo time

https://huggingface.co/docs/transformers/llm_tutorial

https://mlabonne.github.io/blog/posts/2023-06-07-Decoding_strategies.html

NPFL140 - LLM Inference
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https://huggingface.co/docs/transformers/llm_tutorial
https://mlabonne.github.io/blog/posts/2023-06-07-Decoding_strategies.html

Huggingface models

Awesome LLM: curated list of resources

Transformer inference: 3D visualization

Huggingface decoding algorithms overview

Huggingface text seneration strategies (includes a few extra ones)

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/docs/transformers/llm_tutorial
https://mlabonne.github.io/blog/posts/2023-06-07-Decoding_strategies.html
https://suzyahyah.github.io/bayesian%20inference/machine%20translation/2022/02/15/mbr-decoding.html

Bonus: Extra decoding algorithms




Mi n i mum Bayes RiSI( (M B R) DeCOd i ng source: Minimum Bayes Risk Decoding

. .. ‘5H“‘m\byﬂ\
e Selecting the sequence most similar to other o J N
sequences = “consensus decoding ¢ T B
} L 44 i
y* = arg max E sim (Y., Yr) .
yreY (a) yé
€
Y€V \Yk MAP ()
e Useful for minimizing pathological behavior
. . ‘ﬁ
e Intractable - we need a sampling algorithm y‘ﬁj 23 J | mo‘f;;;w
e Application in automatic speech recognition and {t ) _{f“
machine translation | () yey
MBR &
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https://suzyahyah.github.io/bayesian%20inference/machine%20translation/2022/02/15/mbr-decoding.html

Aims to eliminate repetition and
incoherent text in stochastic algorithms
Adapting the k parameter based on the
desired text perplexity (“mirum” =
surprise, “stat” = control)
Parameters:

o r(tau) - the target perplexity

o n(eta) - learning rate

Algorithm 1: Adaptive top-k sampling for perplexity control

Target cross entropy 7, maximum cross entropy p = 2 * 7, learning rate 7
while more words are to be generated do
il tibi

Compute § from (40): S N1z

Compute k£ from (41): k = (lf%‘,;z
Sample the next word X using top-k sampling

Compute error: e = G(X) — 7
Update p: p=p—nx*e
end
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https://openreview.net/pdf?id=W1G1JZEIy5_

(Locally) typical sampling

e Decodes text so that in each step, its perplexity is
close to the perplexity of the model
o Similar to Mirostat, but dynamic: the
perplexity is not pre-specified
e Information theory: typical messages are the

messages that we would expect from the process

reference:
https://aclanthology.org/2023.tacl-1.7/

Wikipedia

p(H) = 0.75 HHHH - most probable sequence

p(T) = 0.25 HTHH - typical sequence

NPFL140 - LLM Inference
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https://aclanthology.org/2023.tacl-1.7/

On Decoding Strategies for Neural Text Generators (Wiher et al., 2022)

o  Language generation tasks vs. decoding strategies.

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

O  Why does beam search work so well?
Understanding the Properties of Minimum Bayes Risk Decoding in Neural

Machine Translation (Muller and Sennrich, 2021)

O  When can MBR be useful?
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https://aclanthology.org/2022.tacl-1.58/
https://aclanthology.org/2020.emnlp-main.170/
https://aclanthology.org/2021.acl-long.22.pdf
https://aclanthology.org/2021.acl-long.22.pdf

