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Motivation

HEPML living review GitHub repo. 
https://github.com/iml-wg/HEPML-LivingReview/tree/master



Why Do Transformers 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.



Transformers for Images
Vision Transformer is a Transformer based model to analyze image datasets

Original images after attention layers

arXiv:2010.11929v2

https://arxiv.org/abs/2010.11929v2


Transformers for time series

Time series is a sequence of datapoints ordered in time
 arXiv:2602.19214v1 [astro-ph.HE]
Hammad,Hashad,Amr 

Forecasting the quasi-periodicity in gamma-ray blazers in  
collected data by Fermi-LAT

https://arxiv.org/abs/2602.19214v1


Transformers 

While Transformer can analyze different data types individually,  
It Can analyze cross tasks. Such as image to text 

and audio to video, etc

Image caption generation 



Scaling Law



Scaling Law

Can we find a proper transformation for more  
efficient small size LLM ?

Scaling law is pushing LLMs into a new era

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

resources.
Transformers became dominant by leveraging self-attention 

to scale more effectively than previous architectures.



Before moving forward, let’s see how 
Transformer works



Transformer Encoder

Transformer Encoder

Transformer is first introduced for 
language translation. However, in collider 

analysis we use the encoder part only  

Attention mechanism is the heart of the  
Transformer network and it has different 
types such as self- and cross-attention

For point cloud analysis, we don’t use 
positional encoding

Attention is all you need
arXiv:1706.03762 [cs.CL]

https://arxiv.org/abs/1706.03762


Self Attention
Query

Key

Value matrix:    Indicates how each key  
                         match the given query

Attention score

Attention output has  
the same dimension of the input 
which allows for stacking more 

Transformer layers
Each word is scaled relative to  

Its importance for the underlying task

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 

One hot encoding is not favored due to memory load



Self Attention
2- Position of the word in the sentence is important to understand the whole meaning

Angle between the word vectors defines its position in 
 the sentence

Position embedding of 1000 words by different networks,  
BERT, ROBETRTa and GPT. Dark color means long distance while more  

bright means the words are close together 



Self Attention

Attention score has the dimension of  words * words 
It encodes how important each word to the whole sequence 

We use dq = dk = dv = d such that  
attention output has the same dimension of the original input. 

This allows to stack more layers

Hidden dimension is arbitrary . 
It is the core idea behind the LLM fine-tuning 



Multi-head

Each attention head has the same output dimension 

each attention head focus to capture different  
relationship between the input tokens. 

Multi-head attention



All together 

To restore the original dimension of the input, multiply by 
additional learnable matrix 



Particle clouds 



Transformer for particle physics

Particles
Features

Input data  can structured  
as a fixed size unordered grid

Self Attention:

Jet 
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Particles can be presented 
 as words in sentence

Words

Word encoding

Query Key Value



Transformer for particle physics

Particles
Features

arXiv:2512.17011v2 [hep-ph] 

Current transformer based models for jet tagging 

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


Sparse attention

Fixed pattern :

Dynamic pattern :

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

Arxiv:1902.09914

Fixed-pattern sparse attention restricts attention  to a 
 predefined subset of token connections, reducing  computational 

 and memory  costs compared to dense attention and 
 improving efficiency for large inputs.

Dynamic sparse attention is an adaptive mechanism where the model 
 learns which token pairs to attend to, reducing computation while focusing 

 on the most relevant connections.
<latexit sha1_base64="IpHXFMI9+Z17Cwy6tAFsUyTrv2M="></latexit>

Attention =
⇥
softmax(Q1.K

T
1 )� � softmax(Q2.K

T
2 )

⇤
·V

Beta is a learnable vector shared across all attention heads
The difference suppresses tokens that receive less attention.

Arxiv:2410.05258



IAFormer
Two input datasets:

Pairwise interaction matrix:

Momentum based features for each particle:

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

These features have been used as  
the V matrix

IAFormer layers have 
 two outputs

A.H,  Nojiri

 2401.00452, 

    SciPost Phys. 20 (2026)

https://arxiv.org/abs/2401.00452


Validation on Top tagging

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



LLM for NLP

HuggingFace currently has ~ 3M  
pretrained LLM 

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



LLM for NLP LLM inference pipeline



Prompt engineering

Prompt engineering controls the LLM response in a more structured way

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





Input row  
detector files (lhco)

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

Generate the selection  
Analysis

Perform 
 ML analysis 





Example of system prompt

Particle definition in LHCO format

Naming convention 

Guidelines for code generation 

system prompt is the instructional backbone that defines 
 how the  model should behave, reason and format its outputs.



./run.sh —run_GUI



Input run card to SMEFiT

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



Phase-1

arXiv scraping with 1073 papers related to  
smeft discussions & analyses

Wrong examples are very important to control the  
LLM response



Phase-2

Physical thinking before answer

Types of LLM reasoning



Output example to identify active smeft operators given three observables 



Question 

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



Thank you



BackUp



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 



Tokens and Embedding Tokenization is the process of breaking up the text into  
smaller pieces and generate ID for each piece

Recently we use LLM for tokenization

Tokens ID

https://platform.openai.com/tokenizer

Tokenization is different for different LLMs



• Count-based (BoW, TF-IDF) 
• Predictive (Word2Vec, FastText) 
• Co-occurrence (GloVe) 
• Contextual (BERT, GPT) 
• Sentence-level (Doc2Vec, SBERT)

Types of word embeddings:

Bag-of-Words assigns to each word a value  equal to the 
 number of times it appears in a sentence.

Tokens and Embedding

https://projector.tensorflow.org/



Inference
Inference in a pre-trained LLM 

<latexit sha1_base64="qKX7VMqwXr0Nro2aCWCcW5rIWRg=">AAACEnicbVDLSgMxFM3UV62vqks3wSK0KGVGfG2EohuXFewD2lIyaaYNTWaG5I60DvMNbvwVNy4UcevKnX9j+lho64HA4Zx7uTnHDQXXYNvfVmphcWl5Jb2aWVvf2NzKbu9UdRApyio0EIGqu0QzwX1WAQ6C1UPFiHQFq7n965Ff u2dK88C/g2HIWpJ0fe5xSsBI7WyhKQn0KBFxOckP2jEcOsnRoIAvcVPJWAceSDJIcP6h0M7m7KI9Bp4nzpTk0BTldvar2QloJJkPVBCtG44dQismCjgVLMk0I81CQvukyxqG+kQy3YrHkRJ8YJQO9gJlng94rP7eiInUeihdMzkKoGe9kfif14jAu2jF3A8jYD6dHPIigSHAo35whytGQQwNIVRx81dMe0QRCqbFjCnBmY08T6rHReeseHp7kitdTetIoz20j/LIQeeohG5QGVUQRY/oGb2iN+vJerHerY/JaMqa7uyiP7A+fwDpDpz+</latexit>

P(xt+1, x) = softmax(z)

conditional probability distribution over the next token

<latexit sha1_base64="AD4KgRtGWyB8wLCpAow8EX/ySxc="></latexit>

Pi =
exp(zi)Pv
j=1 exp(zj)

For greedy decoding 
<latexit sha1_base64="YJKYhf4kW4KC/39BP0RnItMcj/M=">AAACDnicbVDLSsNAFJ3UV62vqEs3g6UgCCURXxuh6MZlBfuAJoTJdNIOnUnCzERaQr7Ajb/ixoUibl2782+ctFlo64GBwzn33rn3+DGjUlnWt1FaWl5ZXSuvVzY2t7Z3zN29towSgUkLRywSXR9JwmhIWooqRrqxIIj7jHT80U3udx6IkDQK79UkJi5Hg5AGFCOlJc+sjb1UHdsZvIKO4DBFYsDROHOgw5EaYsTSZuZRz6xadWsKuEjsglRBgaZnfjn9CCechAozJGXPtmLl6umKYkayipNIEiM8QgPS0zREnEg3nZ6TwZpW+jCIhH6hglP1d0eKuJQT7uvKfEk57+Xif14vUcGlm9IwThQJ8eyjIGFQRTDPBvapIFixiSYIC6p3hXiIBMJKJ1jRIdjzJy+S9kndPq+f3Z1WG9dFHGVwAA7BEbDBBWiAW9AELYDBI3gGr+DNeDJejHfjY1ZaMoqeffAHxucPkTqb2A==</latexit>

xt+1 = argmax Pi

Temperature scaling: rescales the logits before the softmax 
<latexit sha1_base64="pGwL9Y0beQDmOQwb/7bKDCQDZjU="></latexit>

Pi(t) =
exp(zi/t)Pv
j=1 exp(zj/t)

• t = 1 :  Original probability distribution
• t < 1 :  Sharp probability distribution
• t > 1 :  Flatter probability distribution 



LangChain orchestration
LangChain is an orchestration framework that connects LLMs with prompts, tools, memory,  

and external data to build structured, multi-step AI applications.

Auto-tokenization

Generate different prompt  
templates





CoLLM is equipped with two pre-trained LLM  
Deterministic LLM for code generation Creative LLM for code fixing (pyfixer.py)

Inference in a pre-trained LLM 
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P(xt+1, x) = softmax(z)

conditional probability distribution over the next token

<latexit sha1_base64="AD4KgRtGWyB8wLCpAow8EX/ySxc="></latexit>

Pi =
exp(zi)Pv
j=1 exp(zj)

For greedy decoding 
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xt+1 = argmax Pi

Temperature scaling: rescales the logits before the softmax 
<latexit sha1_base64="pGwL9Y0beQDmOQwb/7bKDCQDZjU="></latexit>

Pi(t) =
exp(zi/t)Pv
j=1 exp(zj/t)

• t = 1 :  Original probability distribution
• t < 1 :  Sharp probability distribution
• t > 1 :  Flatter probability distribution 




