Argonne 4

NATIONAL LABORATORY

Introduction to Large
Language Models

Huihuo Zheng

Argonne Leadership Computing Facility, Argonne National Laboratory

July 31, 2025

Some contents were generated with the help of ChatGPT / Gemini.

www.anl.gov



Outline

-—] History
—J} of language (
modelg g & Retrieval
. / (e ) Augmented
Training pipeline -
. Dataset _Generation
How LLMs e Traini
works . Eralrln?
> Evaluation y £ Mult-agent
systems

Architecture

[ @ Transformer J

2 Argonne Leadership Computing Facility Arggmgm-)




What Is a large language model?

A large language model (LLM) is a language model trained
with self-supervised learning on a vast amount of text, designed
for natural language processing tasks, especially language
generation.
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Evolution of language models

@® Rule-based (1950s-1980s)
@® Statistical {(1980s5-1990s)
@ Neural Nets (1997-2016)
@® Transformer Era (2017-Present)
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The Power of LLMs

Text understanding Specialized tasks Agentic tasks
 Comprehension * Retrieval augmented QA + Tool Use
 Classification  Scientific QA * Function calling

« Sentiment analysis « Code generation « Autonomous Agents

« Data analysis

Text Generation Reasoning & Planning

« Paraphrasing « Commonsense reasoning
« Translation « Solving Math problems

e Summarization * Chain of thoughts

» Editing
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Large Language Models for Batteries

I h e P owe r Of I I M s — G e nAI : Wenhua Zuo!, Huihuo Zheng?, Tanjin He?, Venkatram Vishwanath?, Maria K. Y. Chan3, Rick L.
u Stevens?, Gui-Liang Xu'#, Khalil Amine!.8*

IChemical Sciences and Engineering Division, Argonne National Laboratory, Lemont, IL 60439, USA
2Leadership Computing Facility, Argonne National Laboratory, Lemont, IL 60439, USA

3Center for Nanoscale Materials, Argonne National Laboratory, Lemont, IL 60439, USA
*Corresponding authors. Email: xug@anl.gov, amine@anl.gov
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*Comespondence: xug@anl.gov
ls (LLMs) are advanced artificial intelligence (Al) models

The efficacy of language models in tackling a wide range of

problems lies in the intimate connection between language and |« o e e i nseriiee
knowledge: Language is not only a communicative medium but
also a repository, where collective human knowledge and logical
inference are deposited. As a result, LLMs, by accurately
capturing and reproducing these patterns implicitly conveyed in
language, have a profound capacity to handle various tasks and
E:hallenges. [Quote from Large Language Models for Batteries]

Accepted to Joule

g
and industry, the potential of LLMs is still underutilized

IN

Il

John 1:1, 3 In the beginning was the Word, and the
Word was with God, and the Word was God. ... All things RD
came into being through Him; and apart from Him not
one thing came into being which has come into being.
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Fundamental principle behind LLMs

Two ways of learning English
*Through learning grammatic rules (deterministic)
*Through hearing a lot of speaking (data driven)

By deta
|  adog | saw a dog "l §
yesterday. yesterday. fe"“'“’ﬂ

l:a rule
%
Follow gramma rules Follow patterns Rmmd Do
Past tense, present tense | went to school yesterday
He played basketball last weekend. c
| will go to UK to see my cousin tomorrow Powe r Of d ata d nve n Way
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Fundamental principle behind LLMs

. . , & vou -
LLMs function by pre-training on extensive datasets What should il nthe blanic?

to Iearn Ianguage patterns | gotan A+;lamvery ____

(©) ChatGPT
* | got a big present; | am very = | got an A+; 1 am very proud.
happy
» | will go to UK this weekend; | « happy € You N
am very excited. What should I fill in the blank?
* pleased
* My mom brought me new S | gotan A+;lam very ____
shoes; | am very happy.
| got a new car; | am ve - | got an A+; "" * sad © chatapT
. .
9 ’ ry lamvery . | got an A+; | am very pleased.
< 3/3
+ | failed my calculus class; it & vou
makes me very sad. What should | fill in the blank?
» My iPad Pro got water - | gotan A+;1amvery ____
damage; | am very upset.
Should | get a new one? -
(©) ChatGPT
. | got an A+; | am very ecstatic.
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The Transformer Architecture: A Paradigm Shift

Qutput
Probabilities

Add & Norm
Feed
Forward
(CAdd & Norm I':J
R Multi-Head
Feed Attention
Forward T 7 N
—
Nx Add & Norm
~| Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
— ) =
Positional ) e Pasitional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)

Figure 1: The Transformer - model architecture.
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Multi-Head Attention

Linear Linear Limear

arxiv.org /pdf/1706.03762.pdf

-

(num=h)

Self Attention Main breakthroughs
| Scaled Dot-Product Attention ~ Ca ptu res gIObaI COnteXt

(o) using self-attention
« All tokens in a sequence can

) :
e [-Ui ﬁu.ﬁp.eheads = be processed in parallel

\\\‘

Attention Is All You Need, Ashish Vaswani, et al, arXiv:1706.03762
Argonne &


https://arxiv.org/search/cs?searchtype=author&query=Vaswani,+A

Self-attention, multihead attention

Y =GelLU(XA)

T ~ o
© » o o E c o » ) XA
= © 9 9 e c 8 P @& c 8 B
- =2 £ = F ®© © © £ = 8 =
X4,
[A1,42]
(a) MLP.
Y = Self-Attention(X) A
BE Z = Dropout(YB)
—, X
T — | VB aI:-
o 2} B o B c & » [} e 1 |
< s @ 9 £ I8 O Q0 c 9 B T : s :
- = 8 = F @ © 6 £ = L = = i ||
X f

Self-attention allows a model to weigh the importance of each
word in a sequence relative to the others, enabling it to
capture contextual relationships.

(b) Self-Attention.

T Main operations involved
QK %
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Attention(Q, K, V') = softmax(

Efficient Large-Scale Language Model Training on GPU Clusters Using
Megatron-LM, Deepak Narayanan et al, arXiv:2104.04473




Training pipeline — Data Collection

Data Collection = . >

« Crawl: books, webites, code
« Filter: toxic or low-quality

NEws|  MF—— Blending of
ED different corpora

v

Data Preprocessing T - ,
« Tokenization Web Books News Code

N

| -Formattintoltrainingsequens) Scraping &Literature Articles Repositories

. Moda prnectre i *{F(-g;tum:;g} Web crawls:Common Crawl, CCNet, C4 (used by T5, PaLM)

) =) Books: Books1 & Books2 (used by GPTs), The Pile: Books3
.Distribl:i:;?n?ng 1 Wikipedia: High-quality curated text, multilingual

. 'L°SS°°'“"”l“°”'°“e‘*"°‘”ts) Code: GitHub data via The Stack, CodeSearchNet

| e | Scientific papers: arXiv, PubMed, S20RC

( 'DW”“’”Ttas“’e’f‘””’a”‘“‘% Dialog & QA: OpenWebText, Reddit, StackExchange, Quora

L[ oepoyment ) Multilingual corpora: CCMatrix, OPUS, mC4
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Training pipeline — Data Preprocessing

{~ =
Data Collection
« Crawl: books, webites, code h
¢ Filter: toxic or low-quality
L ‘
I
v
4 5 B
Data Preprocessing l
¢ Tokenization
¢ Formattinto training sequens
. /
|
J 23
Model Architecture Finetuning
¢ Define transformer layers (Optional)
¢ Attention heads, embg size For specific tasks
. J/
e l - N
Training
¢ Distributed training
¢ Loss compution, checkpoints
. J
/& l ™\
Evaluation
« Quantization, accuracy
* Downstream task performance I = 10272
Y J
1 \ a— 319
[ Deployment
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Training pipeline — Model Architecture

' = ™
Data Collection

¢ Crawl: books, webites, code

« Filter: toxic or low-quality

l

" 3
Data Preprocessing

¢ Tokenization
» Formattinto training sequens
J

——

Model Architecture

(Finetuning

» Define transformer layers

¢ Attention heads, embg size
I\ J

>

t

(Optional)
For specific tasks

v
g N

Training
« Distributed training

¢ Loss compution, checkpoints
_ y,

l

&3 i N
Evaluation

« Quantization, accuracy

* Downstream task performance
Wy,

l
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Qutput
Probabilities

Add & Norm
Feed |
Forward |
[(Add & Norm J«~
Add & Norm Mult-Head
Feed Attention
Forward T 7 Nx
Nx | ([(Add & Norm ;
Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
At At
\—] J \. — )
Positional o Positional
Encoding @ Encoding
Input Qutput
Embedding Embedding
Inputs Outputs
(shifted right)

Encoder-only (BERT)

* Pre-training: Masked Language
Modeling (MLM)

» Great for classification tasks, but hard
to do generation

Decoder-only (GPT)

* Pre-training: Auto-regressive
Language Modeling

« Stable training, faster convergence

« Better generalization after pre-training

Encoder-decoder (TO/T5)

* Pre-training: Masked Span Prediction

 Good for tasks like MT, summarization
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Training pipeline — Distributed Training

Data Collection

* Crawl: books, webites, code

« Filter: toxic or low-quality (; .
L Y, _( Data Parallelism ]_ PyTorch-DDP [142], Horovod [143], Sharded Weight Update [144],

| ZeRO-3 [145], FSDP [146] MiCS [147]
Data Preprocessing —( Tensor Parallelism HMegatron—TP 1201, Optimus [148], Tesseract [149], 3-D TP [150]

¢ Tokenization
» Formattinto training sequens

\

S

Pipeline Bubble: GPipe [151], PipeDream [134], [135],

L ) DAPPLE [152], Interleaved 1F1B [153], TeraPipe [154], Tessel [155],
l Zero Bubble [156], Chimera [136], Hanayo [157], SeqlF1B [158],
N —[ Pipeline Parallelism ]— Breadth-First [159], DynaPipe [160], DISTMM [161], GraphPipe [162]
Model Architecture Finetuning Memory Imbalance: BPipe [163], MPress [164], mCAP [165],
« Define transformer layers (Optional) { Hybrid Parallelism ]_ gggrllvie;: % Hanayo [157], V-Shape [166], Varuna [167],
* Attention heads, embg size ) For specific tasks \ )

rRing Self-Attention [169], Megatron-SP [170], USP [171],

‘ 3 DeepSpeed-Ulysses [172], Context Parallel [173], LoongTrain [174],
Training _Sequence Parallelism _}—p 4 Bl Ring Attention [175], DistFlashAttn [176], DSP [177],
ol -2 Striped Attention [178], BurstAttention [179], WallFacer [180]
« Distributed training . J
» Loss compution, checkpoints Sparse Activation: Gshard [15], Switch transformer [181], Tutel I&],‘
= [ = Deepspeed-MoE [183], Deepspeed-TED [184], Megablock [185],
> v = ScatterMoE [184]
Evaluation —( Expert Parallelism }— Communication Optimization: PipeMoE [186], ScheMoE [187],
Lina [188], Janus [189], TA-MoE [190]
* Quantization, accuracy Load Balance: FasterMoE [191], [192], SmartMoE [193],
L ¢ Downstream task performance) FlexMoE [194], Prophet [195]
[ Deployment

Efficient Training of Large Language Models on Distributed Infrastructures: A
Survey, Jiangfei Duan et al, arXiv:2407.20018
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Materials
(64) Science
(91

Training pipeline &

Geospatial
(19)
CURIE

Condensed
Matter Physic:
(53)

Biodiversity

Data Collection

» Crawl: books, webites, code
« Filter: toxic or low-quality

: 1 ) Evaluation Benchmarks

Data Preprocessing

Quantum
Computing
(65)

« Tokenizati
. Fzrrir;tztaintzrlraining sequens General Language Knowledge & Dialogue & Alignment
b ] g Understanding Reasoning T.Eench_ AlbaciEa)
Model Architecture | Finetuning GLUE GLUE MMLU
« Define transformer layers (Optional) AIpacaEvaI HeIfuI, Honest,
« Attention heads, embg size For specifc tasks SuperGLUE ARC OpenBookQA Harmless (HHH)
p ) < BoolQ ToxiGen
Training Math & STEM
» Distributed training N e .
« Loss compution, checkpoints HumankEval COdmg & Multlllngual & Multimodal
S ’ Alignment
—_— MBPP g YGLUE XTREME
i MT-Bench
S soss CodeEval FLORES . MMMU
. ey IpacaEval : :
L « Downstream taskperformance) BIG-bench Hard A paca MathVista MathVista
: Helpful, Honest,
{ Deployment ] Harmless (HHH)

https://research.google/blog/evaluating-progress-of-llms-on-scientific-problem-solving/
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Why do we need large models?

Timeline of Major LLMs (2018-2024)
Parameter Counts (Log Scale)

103} XEPT4 YERTAE 35
SPaLM
)(Gopher
_ S(GPT-3
g 10%f hinchilla LaMA-2
: N4 X
o
E Mixtral
& X
2 qott GPT-1 GPT-2
5
)]
N
0
3 X
Q N
< 10
10 X
2018 2019 2020 2021 2022 2023 2024
Year
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Why do we need large models?

Q Emergent abilities are skills or behaviors that do not appear
in smaller models but suddenly emerge once a model
crosses a certain scale threshold.

% Examples of Emergent Abilities
* Chain-of-thought reasoning
 In-context learning (e.g., few-shot learning without fine-tuning)
* Multistep mathematical reasoning
« Code synthesis
« Tool use (e.g., calculators, search engines)

Emergent Abilities of Large Language Models, Jason Wei et al, arXiv:2206.07682

18 Argonne Leadership Computing Facility Argonne &
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Scaling Laws & Trends

Model performance improves predictably with increased: Model size
(parameters); Dataset size (tokens); Compute (FLOPs) (DeepMind, 2022)

3.2

Chinchilla Scaling -

* QOvertraining large models on small
datasets is inefficient.

« Optimal tradeoff: Reduce model size,
Increase training tokens.

« Chinchilla (70B params, 1.4T tokens) >
Gopher (280B, 300B tokens)

ARRRRE,

N
N

2.0

100M 300M 1B 3B 6B 30B
Parameters

Training Compute-Optimal Large Language Models, DeepMind,

19 Argonne Leadership Computing Facility arXiv:2203.15556
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Hallucination in LLM

LLM generates confident but false or unverifiable information.

Query: Please provide a submission script on ALCF Aurora to run a python

job on 1024 nodes.
Answer from GPT-4 Turbo:

#!/bin/bash

#COBALT -n 1024

#COBALT -t 30

#COBALT -q default

#COBALT -A your_project_account
#COBALT -0 my_python_job

Number of nodes
Walltime in minutes
Queue name

Project allocation
Output file prefix

o3k 3 o %

# Load necessary modules
module load conda/2023-10
conda activate myenv

# Optional: Load Intel oneAPI, if needed
# module load intel-oneapi-mpi

# Path to your Python script
SCRIPT=your_script.py

3| # Launch the job using mpirun
)| mpirun -np 1024 python $SCRIPT

Answers that are completely incorrect and are out

of the trained information
e QOutdated training dataset
e COBALT for Aurora

« Unable to understand the specific
context
« Wrong conda module
» Wrong suggestion of oneapi module
* Number of nodes
» Slurm instead of PBS

A Survey on Hallucination in Large Language Models: Principles, Taxonomy, Challenges, and Open Questions ; arXiv:2311.05232
Detecting hallucinations in large language models using semantic entropy; Nature volume 630, pages625—630 (2024)
Hallucination is Inevitable: An Innate Limitation of Large Language Models; arXiv:2401.11817

20 Argonne Leadership Computing Facility
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Retrieval Augmented Generation

Query: Please provide a submission script on ALCF
Aurora to run a python job on 1024 nodes

- )
Basic R46 P‘Pel‘“e— #1/bin/bash -1
User Query #PBS -1 select=1024 # selecting 1024 Nodes
) #PBS -1 place=scatter
#PBS ...[Other PBS settings are omitted]

Top-K Chunks

b
l 3
Documerts | —> | €T PB [~ = ed B
|

NNODES="wc -1 < $PBS_NODEFILE"
NRANKS_PER_NODE=12
let NRANKS=${NNODES }*${NRANKS_PER_NODE }

o =~ o U o W N e

=]

module use /soft/modulefiles

—_
(=]

Step 1 Data Indexing Step 2: Data Retrieval & Generation 11| module load frameworks
12| # ...[oneCCL and Slingshot environment settings are omitted]
- J 13| mpiexec -np ${NRANKS} -ppn ${NRANKS_PER_NODE} \

—_
N

--cpu-bind ${CPU_BIND} \
python path/to/application.py

—_
o

RAG is a technique where a language model retrieves
relevant external documents before generating an
answer, grounding its output in factual, up-to-date
information.

—_
(=)

References:
- [1] https://github.com/argonne-1lcf/user-guides/blob/main/
docs/aurora/data-science/frameworks/tensorflow.md

[y
(=B |

A Survey on RAG Meeting LLMs: Towards Retrieval-Augmented AskALCF: A RAG empowered ChatBot for ALCF
Large Language Models, arXiv:2405.06211 user support

21  Argonne Leadership Computing Facility Argonne &



Multi-Agent LLM System

A multi-agent system is a collection of Al agents—often LLMs—that
Interact, collaborate, or compete to solve complex tasks beyond the
capability of a single model.

Multi Agent
Architecture

with n >1 agents
In LLM : Out Vertical Architecture Horizontal Architecture
Query/ Call/ - Read/ / \ \ /

Retrieval Memory
Tools

All agents have agent personas where they are assigned a role, understand the purpose of their
AN

tools, and how to leverage them effectively

@ » Most agent implementations have reasoning, planning, and tool calling abilities x

5 &

The landscape of emerging ai agent architectures for reasoning, planning, and tool calling: A survey, Tula Masterman et al, arxiv:2404.11584
Large Language Model based Multi-Agents: A Survey of Progress and Challenges, Taicheng Guo et al, arXiv:2402.01680
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Multi-Agent RAG system e

s ™

o Retrieval Agent | «---+

\ y alcf_fastest_supercomputer

z Retrieval Agent

User query —'( &, Manager AgenL}---.,-.

polaris_linpack_performance |

2 Retrieval Agent

t
|
|
LLM answer «— (CTTTTTTTTT Y ) START
LLM —i & Executing Agent ! Lo B
[ ;

-------------------

:
i
]

aurora_interconnect_specs

awrora_linpack_performance |

aurora_cpu_memory_specs

What are the differences between the fastest
supercomputers at ALCF and OLCF? e

‘;I olcf_fastest_supercomputer H frontier_vs_aurora_comparison

Reasoning trace from the multi-agent RAG
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LLM trends over time

Exponential Growth in Model Size

« GPT-2 (1.5B, 2019) » GPT-3 (175B, 2020) — GPT-4 (est. >1T, 2023)

Rise of Open LLMs

o LLaMA, Falcon, Mistral, Mixtral, Gemma, DeepSeek, etc.

Shifts in Architecture

» Dense > Mixture of Experts (MoE): Switch, Mixtral

Efficient Fine-tuning: LoRA, QLoRA
Multi-agent collaboration

24  Argonne Leadership Computing Facility

* Retrieval-Augmented Generation (RAG)
* Energy & Compute Efficiency
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Hands on example

MiniLLM example
https://github.com/argonne-Icf/ATPESC_MachinelLearning/blob/master/02_intro_to LLMs/03 languagemodels.ipynb

AskALCF ChatBot: https://anl.box.com/s/cap42vxtk91tk4k0xjk5acka1bgztpjn

€ C @ O localhost:9505 * A D B e &

Argonne & | ALCF

Access AskALCF
AskALCF

Al Support Assistant

The ChatBot is currently hosted on Crux and accessible via SSH tunneling. To access, please set up the
following in your config file in your ~/.ssh/config file on your local laptop

Host askalcf-user

User "username"
HostName crux-uan-0001

ProxyJump username@crux.alcf.anl.gov

How can | help you today?
LocalForward 9505 localhost:2505

Ask me anything about using ALCF HPC resources.

Then do ssh askalcf-user and open a browser and type below: http:/localhost:9505

25 Argonne Leadership Computing Facility Argonne &



https://github.com/argonne-lcf/ATPESC_MachineLearning/blob/master/02_intro_to_LLMs/03_languagemodels.ipynb
https://github.com/argonne-lcf/ATPESC_MachineLearning/blob/master/02_intro_to_LLMs/03_languagemodels.ipynb
https://github.com/argonne-lcf/ATPESC_MachineLearning/blob/master/02_intro_to_LLMs/03_languagemodels.ipynb
https://github.com/argonne-lcf/ATPESC_MachineLearning/blob/master/02_intro_to_LLMs/03_languagemodels.ipynb
https://anl.box.com/s/cap42vxtk91tk4k0xjk5qckq1bqztpjn
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