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Motivation
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HEPML living review GitHub repo. Sets / point clouds

Physics-inspired basis
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Why Do Transtformers Outperform Other Neural Architectures?

(1) Capability to process diverse data types

(2) Scaling Law



Transformers for point cloud

A point cloud is an unordered collection of points in space that samples a geometric
object or physical system.
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Transformers for Images

Vision Transformer is a Transformer based model to analyze image datasets
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https://arxiv.org/abs/2010.11929v2

Transformers for time series
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Time series is a sequence of datapoints ordered in time
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Informer: Beyond Efficient Transformer for Long Sequence
Time-Series Forecasting
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Abstract

Many real-world applications require the prediction of long
sequence time-series, such as electricity consumption plan-
ning. Long sequence time-series forecasting (LSTF) demands
a high prediction capacity of the model, which is the ability
to capture precise long-range dependency coupling between
output and input efficiently. Recent studies have shown the
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Transformers

While Transformer can analyze different data types individua
It Can analyze cross tasks. Such as image tfo text
and audio to video, efc
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Scaling Law



Scali ng Law Scaling Law: Transformer performance improves predictably
with increasing model size, training data and compute
resources.

Scaling law is pushing LLMs into a new era Transformers became dominant by leveraging self-attention

fo scale more effectively than previous architectures.
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Betore moving forward, let’s see how
Transtormer works



Tr CmeOl’ mer En COder Transformer is first introduced for Output
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language translation. However, in collider
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Self Attention

Attention(Q, K, V') = softmax(
Query
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Lets see how it is computed in details




Self Attention

1- As a first step we need to encode the in words into numbers: Word embedding
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Self Attention

2- Position of the word in the sentence is important to understand the whole meaning
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Sel‘f A‘[‘['en Tion Hidden dimension is arbitrary .
/ It is the core idea behind the LLM fine-tuning
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Multi-head

Multi-head attention each attention head focus fo capture different

relationship between the input tokens.

Multi-Head Attention
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All together
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Particle clouds



Transformer for particle physics Particles can be presented
as words in sentence
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Transtormer for particle physics (o)
(' MLP j

Transformer layer x N

Current transformer based models for jet tagging
arXiv:2512.17011v2 [hep-ph]
RMSNorm
3500 | $ better OmniLearned-L+ 5
S OmniLearned-M Aitran e @
| 3000 -
QSO Palr)"[‘_f.t.+ 1-G ATrt*f'.t.ltGATr-slim-f.t. [ Matrix multiplication ]
® - £y T 1
’ 2500 4 L-GATr  1.GATrslim ( softmax (Q.K") J
)
~ LorentzNet PET-v2-s
= 2000 - MIParT AR LLoCa-Tr.
S : ormer
B ParticleNet-f.t. 4 —— —— noar
ko, ParT Transformer @ ]
o 1500 - ParticleNet
> |
= . :
2 1000 - PFNTreeNlN Classical
EO lola Lorentz = Features
S 500- Pretrained # Particles 111 T
TopoDNN Pretrained+Lorentz * _
0 BDT

2016 2018 2020 2022 2024 2026
time of publication



https://arxiv.org/abs/2512.17011v2

Sparse attention Sparse attention reduces the computational overhead by introducing
a sparse pattern in the attention matrix.

Arxiv:1902.09914
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I AF ormer IAFormer layers have W

fwo outputs

Two input datasets:

-
y
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O Pairwise interaction matrix:

We replaced the (Q.K~T) with the interaction matrix
which has the same dimension

- (p1, + p13,) /P : sum of pair transverse momenta normalized by jet pr AH. Noi ] A\ m
- (Eq + Ep)/E; : sum of pair energies normalized by jet energy -, Ol
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\
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Validation on Top tagging

Attention Maps - [AFormer Attention Maps - Plain Transformer
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Attention maps for Pt ordered particles. IAFormer focuses its attention on few particle tokens
Plain Transformer spread its attention among all particles in the dataset



Natural Language Processing
(NLP)



LLM for NLP

Three ways to carry out LLM inference

,‘/ \‘
|

@ OpenAl ‘@'{ Ollama w. Hugging Face

Use via OpenAl’s API Run locally with Ollama Use via Hugging Face
Access powerful models in the cloud Run LLMs locally on your machine Access thousands of models, endpoints,
through a simple API. with a simple CLI. and tools in one place.
APl Request Prompt 1 A : - : Request |
O > @ @ > (oo 5 z (&
i £ : : R
OpenAl | | | 0 ¥V pe--- - ,
You < API You < Ollama " Local | You Hugging Face Models
Response Response (Local) . Models Response Hub / Inference & Tools
J s API
% Best for ¥ Best for Best for
Quick start, ease of use, Privacy, offline use, Exploring models, open-source access,

and powerful cloud models and local development and the ML community ecosystem



l l M ' Or l P a Hugging Face Q_ Search models, datasets, users... = Datasets Spaces Buckets new M Docs @ Enterprise Pricing = ©

Main Tasks Libraries Languages Licenses Other Models 2,815,974 g Filter by name Full-text search ¥ Inference Available 71 Sort: Trending

Task
- deepseek-gi/DeepSeek-V4-Pro # Run 15,000+ Models Instantly

Text Generation . Any-to-Any Image-Text-to-Text 7 Text Generation \, .- 862B - Updated about2 hours ago « © Filter models and display only those with inference enabled
via Inference Providers (Learn more).

Image-to-Text Image-to-Image Text-to-Image
v Qwen/Qwen3.6-3f\B-A3B & Groq A Novita £ Cerebras SambaNova

Text-to-Video Text-to-Speech  +44 > Image-Text-to-Text - .: $6B « Updated about 3 hours ago

@ Nscale O fal Hyperbolic &P Together Al

The Role of Hugging Face in LLM NLP

Empowering the NLP Lifecycle from Models to Real-World Applications

1. ACCESS TO STATE-OF-THE-ART MODELS 2. DATASETS & EVALUATION
Thousands of pre-trained models High-quality datasets and evaluation
for every NLP task and domain tools to build and benchmark LLMs

’ N 00 Llama 3
= k4 Mistral

R X — B il HuggingFace currently has ~ 3M

< Gemma .
. " Datasets Metrics Leaderboards
32A ”I" BE ppi-3 - pre rdine
...and more

Hugging Face 3. TOOLS & LIBRARIES

4. TRAINING & FINE-TUNING o . . \ Developer-friendly libraries and tools
e open platform that in fine-
Seamless support for fine-tuning and pen p to train, fine-tune and deploy
) powers the LLM NLP ecosystem
adapting LLMs to your needs
W Transformers Datasets (8 Tokenizers M) PEFT

- v o ¥ o ®
:: y '; L i {
Data Fine-tuning Custom Model l

5. DEPLOY & SHARE

Ve Deploy with ease and share with the community

In the following we focus only on HuggingFace,
¢ a @ But how the inference pipeline looks like ?

o < / > Deploy Spaces Community Hub
(Inference) (Demos) (Sharing) (Model Hub)




LLM for NLP

LLM inference pipeline

'_ Text (human | Tokens Embeddings LLM Processes Predicted Tokens Text Output
= ‘ ‘ - == — * $ — — .

language) ) (symbols) (numbers) (context & patterns) | (probabilities) (human language)

b 2 €s 5 6

Raw Text Input Tokenization ‘ LLM (Transformer) Output (Logits) Decoding
User provides Text is split into tokens Token IDs are converted The embeddings are processed The model produces a probability Output token IDs are
natural language text. (subwords/words/punctuation). to dense vectors through the transformer layers distribution over the next token converted back to text.
(embeddings). (self-attention, feed-forward, etc.). in the vocabulary.
Explain the beneﬁts Of o1 ! Probabxlity “Renewable energy
“” . * “ee 1. A
Explain the benefits 3 v - S Add & Norm - 0 - rackicad SaAn
of renewable energy. renewable  energy . 264 0.38 emissions, lowers
Feed Forward 0.5 1
2066 Ntk costs, and ensures
1 a sustainable future.”
0.0 i *
Token IDs N »  Add & Norm Vocabulary Tokens
102
1017 264 7066 1997 ... Multi-Head

Self-Attention Next token (ID): 49934

Embedding Matrix (“renewable”)

49934 5537 13 102
(n_tokens x d_model)



System Prompt

Prompt engineering \

You are a helpful assistant.

System
Prompt o— Answer clearly and politely.

Do not make up information.
& J

Prompt engineering controls the LLM response in a more structured way il o

e .{ What is the capital of France? ]

[@ LLM
v

system prompt is a set of instructions that defines how an Al should behave, e
including its role, tone, rules, and overall context for responding.

Output The capital of France is Paris.

& N (= Py
SYSTEM PROMPT USER PROMPT
Sets the behavior and context Provides the specific request
=)
SYSTEM PROMPT:
Role & Purpose ~—| Example Role & Purpose -—| Example THE INSTRUCTOR THE LLM MUST OBEY
— T ———
« Defines the Al's role, goals, tone, « The actual question, request, o e '
. Y. helpful . ) / REMEMBER:
and overall behavior ou are a helpful, or input from the user Explain quantum TODAY's INSTRUCTIONS | YOU ARE HELPFUL, M
+ Provides background context e Tl gy « Provides the specific topic A HONEST, AND HARMLESS. LL
andirulos concise assistant. i enal computing in simple Be helpful NO RANDOM OPiNIONS. SCHOOL
y Answer clearly and terms. V] Be honest \ NO DRAMA. @
+ Guides how the Al should think, accurately. If you don't « Varies from turn to turn AR bniess R JUST GOOD ANSWERS. ey
reason, and respond know something, 5 : FoLLOW.
o [ Follow user’s instr\ctions GENERATE.
y SO. :
Maintain context gy, e
\. J 3 J | &g YES SiR!
o™ N =t & No made-up drama: €8y I LIiVE TO
_______ \ ",_--—-’ SERVE GOOD
“A 3 PROMPTS!
« .- Think of the system prompt as Al MODEL 2
x O “ instructions for how the Al should Combines both to
" behave in every conversation. generate a response

4

A Al RESPONSE
* The answer you see is shaped by:
+ (

System Prompt) + (User Prompt) = Response
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" LINUS TORVALDS
¢ Crgator of Linux

Al
The New Builder

1

66
Talk is cheap.

Show me the code.”

</>

2026

Code is cheap.
Show me the talk

(Prompt).”

=)

84

] WHEN THIS WAS SAID

In the early 2000s, during
open source debates,
Linus Torvalds emphasized
that real value comes from
working software and
contributions, not just

talk or ideas.

WHEN THIS IS SAID

In the age of Al,

code can be generated
instantly. The real
challenge is in asking
the right questions,
providing the right
context, and designing
the right prompts.




Collider Analysis Pipeline CoLLM : Al engineering toolbox for end-to-end deep learning

From Theory to Deep Learning in collider analyses
4 . N : e N B
Generate Events 9 Pass Events to | 9 User Writes Analysis Script 0 Use Distributions in Deep
with MadGraph Delphfes for .Colllder to Cre.ate High Level Learning Model i o
Simulation Distributions | W. Esmail®*, A. Hammad®'and M. Nojiri®“%
To Do:
P X &4 Train
\ |t ¢ Institut fir Kernphysik, Universitat Minster, Wilhelm-Klemm-Str.
J | @ Bvaluate 9, 48149 Miinster, Germany.
p X > Theory Center, IPNS, KEK, 1-1 Oho, Tsukuba, Ibaraki 305-0801, Japan.
¢ The Graduate University of Advanced Studies (Sokendai),
e e . . ' —p - 1-1 Oho, Tsukuba, Japan.
AMC@NLO % DELPHES fhobsmagctin 4 Kavli IPMU (WPI), University of Tokyo, 5-1-5 Kashiwanoha,
fastisimilati B s User writes scripts for: Kashiwa, Chiba 277-8583, Japan
ast simulation * Signal regions ) ’ pan.
: Systematics e u Training
lhe .root 1‘(')" { = - 5 s hS
* Define model / parameters e Simulate detector response < 10;% 2 2 Bl wsjets -root | @\ Testing / Validation
3 101] | 102 B Z+jets
_ : . g 10| _
* Specify processes * Reconstruction of physics L e K i
S nctiliet: todis METE. ) @ :Z'i | E aco Hyperparameter Optimization
* Generate parton-level events 1072 o2 "a0s. WigET 109agr dof ok .4 Abstract
T e Output: ROOT files m; [GeV] . EP* [GeV] AR [l[l[l Performance Evaluation . .
— : T (Delphes format) * Complex analysis code (ROOT / Python) & Recent improvements in large language models have opened new opportu-
event recoras * Produce high level distributi histos, , etc. : : .. . . . .
: Ar:p.;c:eigit:e:ﬁd::,;e;:::tims::;a"ays FY =g Soadi et nities for accelerating and automating scientific workflows. In parallel, modern
% . g ) Lo Output: High level distibutions & 2, collider analyses are becoming increasingly complex and demand substantial
1N J AL 3 1N J ¢ J
Theory Detector Simulation Analysis (User Code) Deep Learning (User Code)

Perform
ML analysis

Input row Generate the selection
detector files (lhco) Analysis

No coding & ML experience is needed,
simply click the buttons.



LM Prompt
HuggingFace ~ USer Input Tuning User decision

il
Input files I% > - Python | >_ Code No error R
detector level LangChain code debugging _—>J Va@n

[ror

LL]
NOT | Valid
LLM
Code fixing
Regenerate D28 Prepare
O-me ML inputs
P —— ~
Gt llll l

. . Optimize the cuts " Output ‘
Final results on the network output metrics @

ML Training



system prompt is the instructional backbone that defines

Ex am p , e Of S y S rem p r Om p 1’ how the model should behave, reason and format its outputs.

You are a particle physics analysis assistant specialized in analyzing LHCO (.lhco) files produced by fast detector simulations (e.g., Delphes).

Guidelines for code generation

. Always assume the input data is an LHCO file.
. Always generate runnable Python 3 code when analysis is requested.
. Always include the LHCO parser provided below.

STRUCTURE:

1. Parsing — Read LHCO file into event list

2. Selection - Filter objects and events based on cuts

3. Reconstruction — Combine objects to form physics candidates
4

. Prioritize physics correctness over style or verbosity.
. Use only: standard library, math, numpy (and matplotlib only if explicitly needed).

. Output — Print results, histograms, or cutflow and save the generated histograms with each histogram in a sepa

BEST PRACTICES:

— Keep code minimal, explicit, and readable

- Validate particle counts before pairing or selection

- Handle edge cases: missing objects, empty events, malformed lines

— Skip events gracefully when required objects are not found

— CRITICAL: When looping over events to fill histograms or compute observables,
always re-extract particle collections (e.g., jets, leptons, taus) for EACH event
inside the loop. Never rely on variables defined in a previous loop or outside
the current event iteration.

— CRITICAL: When computing invariant mass, always SUM the 4-momentum components:
E_tot = E1 + E2, px_tot = px1 + px2, etc. NEVER use differences.

Particle definition in LHCO format T T T e

— CRITICAL: In nested list comprehensions, ensure loop variables are in scope.
WRONG: [f(x, event) for x in xs] — event undefined if iterating over xs
RIGHT: [f(x, e) for e in events for x in get_xs(e)]

— CRITICAL: Cutflow print statements must match the actual cuts applied.

CUTFLOW REQUIREMENTS:
— Track number of events before and after each cut

o [
a m ’ n C O n Ve n ’ ’ O n - Print the event count after each selection step
- Always print final number of events passing all cuts

OBJECT LINE FORMAT:
index type eta phi pt jmass ntrk btag had/em

COLUMN DEFINITIONS:
index : Object index within the event (@ marks new event header)
type : Particle type code (see below)
eta : Pseudorapidity

LEPTONS:
"lepton" or "1" refers to BOTH electrons (type=1) AND muons (type=2)
"1+" or "lepton+" refers to positively charged leptons (ntrk > 0)
"1-" or "lepton-" refers to negatively charged leptons (ntrk < 0)
"electron" refers specifically to type=1

phi : Azimuthal angle (radians)

pt : Transverse momentum (GeV)

jmass : Jet mass (GeV) — use only for jets
ntrk : Track count; sign encodes lepton charge “muon® refers specifically to type=2
btag : b-tag flag (1.0 = b-tagged jet, 0.0 = not b-tagged)

had/em : Hadronic-to-electromagnetic energy ratio JETS:

- "jet" refers to type=4 objects

PARTICLE TYPE CODES:
@ = Photon
Electron
Muon
Tau
Jet
MET (n = @0, @ = MET direction, pt = MET magnitude)

- "b-jet" refers to jets with btag=1.0

- "light jet" refers to jets with btag=0.0

LEADING/SUBLEADING:
- "leading" = highest pT particle of that type in the event

- "subleading" = second-highest pT particle of that type in the event




Network Architecture

An integrated framework combining LLM-powered selection analysis code generation with advanced deep learning classifiers
for high energy physics research.

A\ For better visualization change your broswer to the dark mode.

A\ For LLM code generation on your laptop, we strongly recommend using the Hugging Face API. This enables inference via

Hugging Face Claude. Please refer to the sidebar for detailed instructions on how to create your API key.

Select Model Type

® Multi-Layer Perceptron (MLP) Graph Neural Networks (GNNs) Transformer

Selection Analysis Deep Learning

MLP Configuration

Number of hidden layers (?) Output Layer ®
3 -  + 2 v
Output Activation ®
None Y

Jrun.sh —run GUI

v Layer 1 Configuration

Layer Type Neurons Activation

Dense Layer v 128 - + relu v

v Layer 2 Configuration

Layer Type Neurons Activation

Dense Layer v 64 - + relu v

> Layer 3 Configuration




SMEFiIT performs a fit to the Wilson coefficients of SMEFT operators by
comparing the theoretical prediction to the measurements

S MEFIT

Project description

New Physics searches from precision measurements requires combining the information provided by the
broadest possible dataset, namely carrying out extensive global analysis which is the main purpose of

SMEFiT.
The SMEFIT framework has been used in the following scientific publications:
O L
# Datasets to include
datasets:
S -\\\ {name: CMS_ttZ 13TeV, order: NLO_QCD}
— Q@ _\o*\ {name: CMS_ttZ_13TeV_pTZ, order: NLO_QCD}
o N {name: CMS_ttZ 8TeV, order: NLO_QCD}
{name: ATLAS_ttZ_13TeV, order: NLO_QCD}
{name: ATLAS_ttZ 13TeV_2016, order: NLO_QCD}
{name: ATLAS_ttZ_13TeV_pTZ, order: NLO_QCD}
—10t BB {name: ATLAS_ttZ 8TeV, order: NLO_QCD}
_ - {name: CMS_ttW _13TeV, order: NLO_QCD}
L ttmy . {name: CMS_ttW_8TeV, order: NLO_QCD}
™ combined lnPUT run Card TO SMEF’T {name: ATLAS_ttW_13TeV, order: NLO_QCD}
| {name: ATLAS_ttW 13TeV_2016, order: NLO_QCD}
+ {name: ATLAS_ttW 8TeV, order: NLO _QCD}
—15Lb . —] — .
—20 20 40 60
3.8 # Coefficients to fit
Coq coefficients:

081qq: { 'min': -2, 'max':
083qq: { 'min': -2, 'max':




Phase-1

arXiv scraping with 1073 papers related to N

PDF parsing

a r}(iv

SMEFT Literature
(arXiv papers, reviews,
lecture notes)

smeft discussions & analyses

Wrong examples are very important to control the

LLM response

2 |

Phase-1: SMEFT-Aware LLM

SMEFT-Aware
Instruction dataset

SMEFT-Aware Instruction
N\ @ Dataset (JSONL)
- Claude ! S‘; Q
) ipetructionlt: N w.a'%,
i mEnrhl e .. Wen
Sk ) U PUBE e
’ Summarize the chunks "tags": [ F )

"operator_definition",

Physics-Aware
Chunking

Fine-tuning
(LoRA)

Teacher reasoning

-

| E)perator deﬁnition

Lagrangian term

' EWSB expansion

Matching condition
3 Pretrained
Weights
(Wo)

Reason before each summary

Observable mapping "lagrangian_term",

"EWSB_expansion",

Create Q/A pairs

Instruction

Target response

Write a Python function to sort a list.

What are the symptoms of diabetes?

What s dark matter?

I specialise exclusively in SMEFT and par-
ticle physics EFT. I cannot help with gen-
eral programming tasks—ask me about Wil-
son coefficients or the Warsaw basis instead.

I specialise in SMEFT and particle physics
EFT, not medicine. Please consult a health-
care professional—I am happy to help with
Wilson coefficients or the Warsaw basis.

While dark matter motivates EFT ap-
proaches, my specialisation is SMEFT opera-
tors specifically—ask me a concrete SMEFT
question about dark matter operators if you

have one.

,‘__//v
"matching_condition", FINE-TUNED LLM ———
J W =W, + AW

"observable_mapping",

"derivation_step" L J

LDerivation step
/ \

M ahammad115566/smeft-qwen-7b © like 1

Text Generation &8 Transformers & Safetensors English qwen2 large-language-model

# Model card /= Files and versions | s<xet & Community Settings

SMEFT-Qwen-7B

SMEFT-Qwen-7B is a domain-adapted large language model fine-tuned for research assistance in
Standard Model Effective Field Theory (SMEFT) and related effective field theory frameworks in
high-energy physics.

%/ Deploy - — Copytobucket NEw CJ Use this model v

Downloads last month
740

£ Safetensors ©

Modelsize 8Bparams Tensortype BF16 ) Chattemplate 2 Files info

SMEFT-Qwen - Expert EFT Assistant

Commands:
exit / quit quit - end the session

reset
history

- clear conversation history
- print conversation so far

ou: Who are you ?

SMEFT: I am Qwen-smeft — your specialized SMEFT assistant. Ask me about the Warsaw basis or any aspect of dimension-6 operators in t
he SM. Feel free to ask anything related to the EFT business. qb - . ® In case the question does not pertain to SMEFT at all, pl




P h 2 Phase— 2: Adaptation and inference
aS e— Inference & reasoning

RAG 7 Final output
( . \ ’k‘ r :O: User (Example) \ ('t j
C:) M E F | T ) A&A | Whatis the effect of Oy on 1. Active operators
LR tt production at the LHC? 2 Co”ider observable
Retrieve from p———> A o SMEFT Model —> - .
i @ . mapping
Pre-generated SMEFIT Q Ony modifies the top quark 3 Literat Forri
_ . = lectroweak couplings, affectin .Literature referrin
_METADATA = { L summaries J wpﬁ_rl“?n{! EF T z:;ull-::v;strii)c:tls)nsg:nd t:g e L g
"main_observables": ["m_W", "Gamma_Z", "sin2theta_eff"], _J

Store the history for future use

& total cross-section ... J
"largest_tension": {"observable": "m_W", "sigma": 2.3}, t ; |

"key_operators": [
{"name": "O0_HWB", "importance": 0.91},
{"name": "O_HD", "importance": 0.88},
1,

"main_correlations": [
{"pair": ["O_HwWB", "O0_HD"], "corr": -0.71},
1,

Physical thinking before answer

Reasoning Procedure

Types Of [ LM reaSOning Follow the reasoning procedure below:

; This work] 1. Identify the strongest observable tensions and their statistical significance.
utput '
IHPUt lnput Backtracking : Refining In
1 ranching out fromachaln ] pUt . . . . . .
L /N Lg yrd i : ) 2. Map each tension to the dominant SMEF'T directions that explain it.
]
Olltpllt * ; { / ~ ‘4 : Bacl\[rackmg
' » o . . .
o | v oor : 3. Rank directions according to their weights.
egen : \
e 9 0w ? q ? q ' 4. Account for correlations among observables.
a® Pg(s:(i)l:'ge ‘ ( E Aggregating Agﬁ”gﬁ““g f g
Negative (] chains thoughts
.D (sjcore‘ Output Abandon a chain Output &m.r .S0): Output W : Key novelty (beyond ToT): Output I d . l . d . .
pDpendencies — . B Aty gopibused ougi utpu 5. Identify overlapping operators across directions.
@ Abandon thought ::Te:d"n't‘%:;gs ﬁ“ﬁmﬁgﬂe tialec }t‘)‘:ls[: ;::g?e %&%{’;ﬁ E;lngly [:ggg:gsri:f : :gggig:gtsoi‘l’let?: tll‘l‘:)‘:g?l':etz)
within a chain of thoughts backtracking from it : refine it)

*. Backtrack

6. Reject operators outside the allowed set or violating sparsity constraints.




Output example to identify active smeft operators given three observables

Hypotheses:

1. [0 HWB, O HD] tag=ewp
X%=6.0

2. [0 HW] tag=higgs gauge
¥X2=17.5

~ Your feedback (or 'done' / 'quit’): |j




Question

Do you think paper-based research will remain relevant in the
near future?



Thank you






CoLLM targets non coding experts, or experts who want to save time for quick analysis

User input Generated 309 line of code in 28 seconds

# Physics Process: p p > W+ W=, W+ > 1+ nu, W=-> 3 j

Leading Jet pT Distribution Subleading Jet pT Distribution Delta Phi between Leptonic W and Hadronic W Candidates

0.07

[SELECTION_CUTS] ]
Select electrons with pT > 25 GeV and |eta| < 2.5
Select muons with pT > 20 GeV and |eta| < 2.4
Require exactly 1 lepton (electron or muon)
Require at least 2 jets with pT > 30 GeV and |eta| < 2.5
Select MET > 30 GeV
Veto events with b-tagged jets
Select transverse mass of lepton + MET between 40 and 120 GeV (W leptonic candidate)
Select invariant mass of the two leading jets between 60 and 100 GeV (W hadronic candidate)
Select delta R between the two leading jets < 3.0 0.000 -

0.06 -

0.020 4
0.05 A

0.015 A

4
(=]
&

Normalized Yield
o
o
w

Normalized Yield
Normalized Yield

0.010 A

0.005
0.01 A

0.00 - T T T T v .
0 25 50 75 100 125 150 175 200 0 100 125 150 175 200 -3 -2 -1 0 1 2 3

prij1) [GeV] prij2) [GeV] Ag(j1, MET)

[PLOTS_FOR_VALIDATION]

- Plot the following as histograms:

Plot the transverse mass of lepton + MET (W leptonic) in the range 30 to 150 GeV

Plot the invariant mass of the two leading jets (W hadronic) in the range 40 to 120 GeV
Plot the MET distribution

Plot the pT of the lepton 0.25
Plot the pT of the leading jet

Plot the pT of the subleading jet

Plot delta R between the two leading jets

Plot delta phi between the lepton and MET

Plot the eta of the lepton

10 Plot delta phi between the leptonic W and hadronic W candidates

Delta Phi between Lepton and MET

Lepton pT Distribution
0.30 ted t . Invariant Mass of Two Leading Jets

0.04 0.020 A

0.20 0.015 1

0.15 4
0.02 4

Normalized Yield
Normalized Yield

0.010 4

1
P
3
4
5
6
7
8
9

Normalized Yield

0.10 4

0.01

0.005
0.05 A

— Each histogram should have 40 bins.
- Use LaTeX notation for axis labels where applicable.
- Normalize all histograms to unity (density=True).

0.00

0.00 4 40 50 60 70 80 920 100 110 120 0.000 -

mj; [GeV] 0 25 50 75 100 125 150 175 200
pr(l) [GeV]

0
Ad(l, MET)

MET Distribution
Lepton Eta Distribution ‘ Transverse Mass of Lepton + MET Delta R between Twa Leading Jets

[OUTPUT_STRUCTURE] e
- Print cutflow showing number of events after each selection
- Save the pltos in png format
- Save the following in a CSV file for MLP analysis:
Transverse mass of lepton + MET
Dijet invariant mass
MET
pT of the lepton
Delta R between the two jets R
Delta phi between leptonic and hadronic W systems

<
N
<

Ized Yield

o
"
w

Normalized Yield

o
-
o

0.05 4

'
0.000 80 100 120 150

mrdi, MET) [Gev]

2

25 ) 2 5¢ 75 2

0 25 50 100 125 150 175 200 AR(j1, 1)
MET [GeV]




Tokens and Embeddi ng Tokenization is the process of breaking up the text into

smaller pieces and generate ID for each piece

Input
prompt

Have the bards who preceded me left any theme unsung?

l

Language mode!
Process the text and predict the next token Recen le we use L LM for tokenization
* GPT-5.x & 01/3 GPT-4 & GPT-3.5 (legacy) GPT-3 (legacy)

Output

Many words map to one token, but some don't: indivisible.
Unicode characters like emojis may be split into many tokens containing the underlying bytes:

Sequences of characters commonly found next to each other may be grouped together: 1234567890

Tokenization is different for different LLMs

https://platform.openai.com/tokenizer

Tokens Characters Clear

53 VASY

(12488, 6391, 4014, 316, 1001, 6602, 11, 889, 1236, 4128, 25, 3862, Tokens ,D
181386, 364, 61064, 9862, 1299, 166700, 1340, 413, 12648, 1511, 1991,

20290, 15683, 290, 27899, 11643, 25, 93643, 248, 52622, 122, 279, 168191,

Tokens Characters

S VASY

Many words map to one token, but some don't: indivisible.

328, 9862, 22378, 2491, 2613, 316, 2454, 1273, 1340, 413, 73263, 4717, 25,
220, 7633, 19354, 29338, 15]

Unicode characters like emojis may be split into many tokens containing
the underlying bytes: Go6®

Sequences of characters commonly found next to each other may be grouped
together: 1234567890

Text Token IDs

Text Token IDs




Tokens and Embeddi ng Types of word embeddings:
Word2Vec Embedding Space . Coun-['_based ( BOV\/, TF_’DF)

Words with similar meanings are closer in the vector space

« Predictive (Word2Vec, FastText)

4+ 4 king (1.9, 3.8, 2.1)

strongest (-2.6,3.1,0.3) _ I s ¢ CO—OCCUI’I’Q”CQ (GIOVQ)

[N 5.3 king — man + woman ~ queen
® queen (1.7, 3.1, 1.8)

. Contextual (BERT, GPT)
. Sentence-level (Doc2Vec, SBERT)

strong — stronger — strongest P man =~
@ woman (-3.1, 1.0, 0.9)  ,.oman

1 £ 3
4
2
gender
4
® adult (-0.6, -1.5, -0.6)

® Royalty

age ® teenager (-1.0, -2.0, -1.2) ® Gender
® Degree (Comparative)

® child (~1.2, 2.6, -1.8) s
A
child — teenag;er — adult Word2Vec maps words into a continuous

Bag-of-Words assigns to each word a value equal to the

are captured as vector directions and distances.

https://projector.tensorflow.org/ number of times it appears in a sentence.

orbit v Search * word ~

=
mathbf :
. c
diameter configuration neighbors @ —@ 24¢
angular electron - ‘
altitude orbitals graph a o w s
kg K 4 plasma distance COSINE EUCLIDEAN
radius _ inertial speeds T t
equator g 5 y SOrbital fgravitational beam . dimensional a a
geoloyc IL'd ured
bits measure equation . ) o
asteroids - Nearest points in the original space:
equatorial planefs gravity frame
nasa .
gear. rotation
issile lunar 4 orblt objects
manned el deé b
aaaaaaa d S
probe se
X i seque
constellation jup lanetary distance ' r \
2 shape
g elt Feelestial llision
launch
cat| cute og| sma
apoilo® * fmission: moon, &% g mation |
wplane g
” venus ]
‘ perf ‘(—\ y q l ! '
? :pld t serval 0 7‘] A t O O g . ®
| . __Bstars L e Y S e B et Bttt
‘- " 1 .
&' mi 'y . ! : 1
. = N At circle ’ - g .
Aflews - Jleto:distant + - #sun experiment C ! J i O (‘ LJ TO C\ i t =,
. 4 ”\ Nt 5 > " s’ " . -
2 3 4 storylin /
B obs d 3
5 ‘cute dog’
L] ‘-i\ app C \,J Le O 1
l\ { 7
journey O




I N fe rence Temperature scaling: rescales the logits before the softmax

P.(t) — exp(z;/t)

Inference in a pre-trained LLM > j=1€xp(2/t)

°t =1 : Orniginal probability distribution
*t <1 : Sharp probability distribution

conditional probability distribution over the next token

7)( Tii1, x) — Softmax(z) ot > 1 : Flatter probability distribution
Low Hiagh
exp(z;) 4—— temperature——»
Pi = <3 For greedy decoding ~ T¢+41 = argmax P; car [ car [
D j—1€xp(z;) truck S truck [
.18 =)
.. ..
elephant i elephant Bl
Temperature scaling -0 -
probabilities probabilities
Temperature = 0.7 Temperature = 1.5
>
= ture
2 High High  High randomness with large pool of potential tokens. The results will be highly
'8 diverse, often leading to very creative and unexpected results.
. /\ Low Low Deterministic output with high probable predicted tokens. This results in

predictable, focused, and conservative outputs.

Token index Token index



LangChain orchestration

LangChain is an orchestration framework that connects LLMs with prompts, tools, memory,
and external data te build structured, multi-step Al applications.

... Auto-tokenization I, °
i Interface with various large \ \ I:o L M
| language model providers o /
#
User Output
| ENGIN
Fetch external data ' o\“?‘ &, = :
Generate different prompt = % ;|

e | N . NP et » - . -
§ templates % & User Input
E . ENG\“"@Q
E LLM Framework A User Interface
! (LangChain) '
| Perform data pre-processing ! Store and retrieve word
| and generate word embeddings ! embeddings from vector stores;
v

r . Q% .

Raw Data Sources Data Pipeline Vector Store




0 Ingest & Index

Collect data from various sources,
split it into chunks, create embeddings,
and store them in a vector database.

———

RAG combines information retrieval with a language model to generate accurate,

Your Data Sources
@ PDFs |
| |E
|
@B Web Pages @ =
> O 5 |E
D F=
=| Documents Chunking & =
= Embedding =
—| Databases | |E
|
End-to-End Example

o Your data (PDFs, docs, web pages,
databases) is processed into chunks,
embedded, and stored in a vector
database for fast semantic search.

B @ =

"

f )

\ /
~
-

Why RAG?

(©

Vector Database

= [0.12,-031,085,...)

[-0.41,073,-012, ...]
(055, -0.22,031, ...)

[-0.09,0.18,-077,....]

S

e User asks a question.
The system retrieves the most
relevant chunks from the database.

e Retrieve

When a user asks a question,

convert it to an embedding and
retrieve the most relevant chunks.

What are the benefits of

User Question |
regular exercise?

| L
J, Embedding
’ !‘l (0.2, -0.35,048, ...)

\
’ Similarity Search
(Top-K)
l Top Relevant Chunks
- ™1 Regular exercise improves
| cardiovascular health ...
2. Exercise helps control weight,
reduce stress, and improve ...
3. Strength training builds muscle
and increases metabolism ...

" e——

e Augment

Add the retrieved chunks to the

original question to provide
context to the LLM.

[ Augmented Prompt

You are a helpful assistant.

Use the following context to

answer the question.

Context:

1. Regular exercise improves
cardiovascular health ...

2. Exercise helps control weight,

3. Strength training bullds muscle
and increases metabolism ...

Question:
What are the benefits of
regular exercise?

S

e The retrieved chunks are added to the
prompt to give the LLM the right context.
The LLM generates the answer.

!r — : °= ( "
What are the benefits of TN ;E , 3= | 4+ ‘ Whatarethcbemﬁuofl =3
regular exercise? o— 8= | 7 | regular exercise?

= e — ‘°—/ l )

v/ Up-to-date: uses your latest data

v/ Accurate: grounded in real sources

v/ Transparent: sources can be shown

LLM
(e.g., GPT-4)

o Generate

The LLM uses the provided context

to generate a grounded, accurate,
and natural language answer.

Answer

Reqular exercise offers many
cardiovascular health, weight
management, stress reduction,
better mood, stronger muscles,
and a higher metabolism.

These benefits contribute to
overall physical and mental

o The user receives a clear, accurate,

and context-grounded answer.

v/ Flexible: works with any private data

{

How RAG (Retrieval-Augmented Generation) Works

up- up-to-date, and context-rich answers.

Foom Mgl te Mee o et
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0 L i SOre a9 oy vt Cipie S o e
29 00 Nud { §90  BONE P t o0 N e Sl b
. e e ety

T eatiacts b A0 o € ¢ 27U arbw e 5 200 10 A2
rrort: v Bt Galent G o owebe sl petrs e’
1 Pl pianie 08wt aoadie d iy fon e te et r U0
N e 4 Sneta 1 Trongd Deing A€ drand Hoow rOae

O sier o o Py st e of 4 5 Y 00y oo
e of ez Gote 8 0+ g & Dt coteme ppene
74 OF T amps tovieg, #< N o O ke e T
ade
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Q Why Chunking?

» Long documents are split into smaller,

semantically meaningful chunks.

» Each chunk gets its own embedding.

* Improves retrieval accuracy and
provides more granular context,

One vector per document
Interstellar (film)
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Benefits of Chunking

v/ Better retrieval quality

v/ Handles long documents

Interstellar (film)
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v/ More relevant context
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Chunk 1 vector
Chunk 2 vector
Chunk 3 vector

Chunk document into multiple chunks

Chunk Size Guidelines
* Too large: lose precision
¢ Too small: lose context

 Typical size: 200-500 tokens

(adjust based on use case)

v/ Improves answer accuracy




l n fe rence i N d p r e-fr da i ned L L M Temperature scaling: rescales the logits before the softmax
exp(zi/t)
x;—l exp(z;/t)

conditional probability distribution over the next token Pi (t) —

P(xiy1, ) = softmax(z)
*t =1 : Orniginal probability distribution
exp(z;) *t <1 : Sharp probability distribution

Pi = =<3 For greedy decoding T¢+11 = argmax P; ot > 1 : Flatter probability distribution
> j=1 exp(z;)

CoLLM is equipped with two pre-trained LLM

Deterministic LLM for code generation Creative LLM for code fixing (pyfixer.py)

class Config: ass Config:

# Generation Parameters
MAX_NEW_TOKENS = 4096
TEMPERATURE = 0.9

TOP_P =1

TOP_K = 0.9

DO_SAMPLE = True

# Generation Parameters
MAX_NEW_TOKENS = 4096
TEMPERATURE = 0.0

TOP_P =1

TOP_K = 00

DO SAMPLE = False




How LoRA (Low-Rank Adaptation) Works

LoRA fine-tunes a large pre-trained model by learning low-rank updates to the weight matrices,
while keeping the original weights frozen.

—

0 Pre-trained Model (Frozen)

\
A transformer layer (e.g., attention or

MLP) has weight matrix Wy € Rt *“in

learned during pre-training.

| e LoRA Adapter (Trainable)

LoRA introduces a low-rank update
AW parameterized as:

/

AW=BA

0 Effective Weights During Fine-tuning |

The original weights are kept, and the

N\
Forward Pass (During Fine-tuning)

Wy

dout X din

?

* Weights are frozen

* No updates during fine-tuning

&

Intuition

Update the model in a low-dimensional

subspace.
LoRA update
(BA)
(Low-rank
subspace)
Pre-trained !
weights W, .4\
(High-dimensional ': &
space) !
v

+ B WA |
\ Aoyt X T / X rXdin [
=

» A and B are trainable
» ris the rank (e.g., 4, 8, 16, 32) and
much smaller than d;,, or d,;

r (7‘ - min(dinv dout))

What Gets Updated?

Only the small matrices A and B are trained.
v/ Far fewer trainable parameters

v/ Lower GPU memory usage

v/ Faster training

v/ Easy to add/remove (modular)

Trainable Parameters in LoORA
d;,, = 4096, d,,, = 4096, r = 8

Full fine-tuning: d;, x d,, = 16.8M paramete

LoRA: 7 x (diy + dyywe) = 65,536 parameters

~256x fewer trainable parameters!

low-rank update is added at runtime. Input X' (dn)
a3 ? Linear Layer |
5 with LoRA —>
W =W, + AW | :
' Y = X(Wp + BA)T '
dout X de’n | )
Frozen (no updates) Output Y (dout)
Trainable (updated)
J
—_— Where is LoRA Used?
LoRA adapters can be inserted into different layers
(e.g., attention projection matrices W,, W, W, , W,
or MLP layers).
Transformer Block (example)
| il N | S T ’ R " g
\ N Q | K Vv 0
hit - Projection ‘ Projection | Projection . Projection
rs * ¢ ¢ H
// ’/’ ’/’, '//
Small LoRA adapters are added to the model’s linear layers.

Instead of updating the large
matrix W, LoRA learns the
small matrices A and B.
During inference, they are
combined with W}, on the fly.
No extra latency.

\

(Up/Down)

\

MLP ——> Output

o
/
7

{

/

/!
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