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LLMs predict one token at a time
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Tokenization and latent space

3

Tokenization 
learned from 
large text 
corpus 

➡ Characters that often 
appear together 
merged in token 

Each token has 
a unique 
embedding 

➡ Embedding learned 
during training
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“Attention” brings context

Attention applies “fluffy 
blue” to “creature” through 
3 matrix multiplications

4
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LLMs know facts

LLMs not only know meaning of words, but also facts about the world

5

Facts like that Michael Jordan plays basketball, 
some baseball, some times golf, or that he was 

born in 1963 in NYC
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Multi-Layer Perceptrons (MLPs)

It is believed that facts live in the weights of the MLPs 
➡ 2/3 of all LLM weights in MLPs

6

MLPs are neural networks with two linear 
transformations and a non-linear neuron 

activation function (ReLU) in between 
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Asking questions

First linear 
transformation 
seems to ask 
different 
questions

7
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Updating meaning

If the answer is positive, the ReLU lets it go through 
Second linear transformation calculates how to update vector 

➡ In this cases, it adds “Basketball” to the vector that already contained “Michael Jordan”

8
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LLMs have many Attention+MLP layers

9

Many chances to bring context to 
vector, and add more facts to it
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How can vectors store so much information?

Latent space in GPT-3 has 12,288 dimensions 
➡ Does that mean that each vector in latent space can store at most 12,288 meanings? 

✦ Clearly not, as vectors can contain all words in English as well facts from Wikipedia and much more 

Meanings defined along quasi-orthogonal directions 
➡ Johnson-Lindenstrauss lemma: quasi-orthogonal                                                               

vectors increase exponentially with dimension
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Angle between fixed vector and 
random vector in N dimensions

2D 
1.1% in [89°, 91°]

3D 
1.8% in [89°, 91°]

100D 
14% in [89°, 91°]

Random 
vectors in 
12,288D 
almost 

always quasi-
orthogonal!!

12,288D 
95% in [89°, 91°]

Can this be one 
source of 

hallucinations?
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Machine learning

Many different 
techniques, all 
sharing 

➡ Tunable parameters 
➡ Learned from data 

Neural networks, 
Support Vector 
Machines, Boosted 
Decision Trees, etc

12
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Structured vs unstructured data
In HEP, why do we hear more about BDTs than NNs? 

➡ We have structured data! 
✦ Rows → events, columns → branches

13

BDTs tend to perform 
best with structured 

data (eg, TTree)

NNs tend to perform 
best with unstructured 

data (eg, high res. image 
of CALO deposits
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Single decision tree
Applies hierarchical binary cuts 

Very simple to train 
➡ Scan each variable for cut that maximizes goal (eg, purity) 
➡ Repeat for each subsample until reached max depth 
➡ Prune cuts that provide sufficient separation

14

306 9. Additive Models, Trees, and Related Methods
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FIGURE 9.2. Partitions and CART. Top right panel shows a partition of a
two-dimensional feature space by recursive binary splitting, as used in CART,
applied to some fake data. Top left panel shows a general partition that cannot
be obtained from recursive binary splitting. Bottom left panel shows the tree cor-
responding to the partition in the top right panel, and a perspective plot of the
prediction surface appears in the bottom right panel.
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Robust against useless inputs 
Can do classification 

➡ Eg, signal/background 

Cand do regression 
➡ Eg, average of events in leaf
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Forest of trees (BDT)
Single trees are pretty weak classifiers 

Invented in 1997, AdaBoost uses ensembles of weak classifiers to 
make a strong one 

➡ One of the most powerful learning ideas introduced in the last twenty-four years (ESL) 

Trains individual classifiers iteratively 
➡ At each step, it increases the weight of the misclassified

15
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340 10. Boosting and Additive Trees
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FIGURE 10.2. Simulated data (10.2): test error rate for boosting with stumps,
as a function of the number of iterations. Also shown are the test error rate for
a single stump, and a 244-node classification tree.

random guessing. However, as boosting iterations proceed the error rate
steadily decreases, reaching 5.8% after 400 iterations. Thus, boosting this
simple very weak classifier reduces its prediction error rate by almost a
factor of four. It also outperforms a single large classification tree (error
rate 24.7%). Since its introduction, much has been written to explain the
success of AdaBoost in producing accurate classifiers. Most of this work
has centered on using classification trees as the “base learner” G(x), where
improvements are often most dramatic. In fact, Breiman (NIPS Workshop,
1996) referred to AdaBoost with trees as the “best off-the-shelf classifier in
the world” (see also Breiman (1998)). This is especially the case for data-
mining applications, as discussed more fully in Section 10.7 later in this
chapter.

10.1.1 Outline of This Chapter

Here is an outline of the developments in this chapter:

• We show that AdaBoost fits an additive model in a base learner,
optimizing a novel exponential loss function. This loss function is

The forest significantly 
outperforms a very 
deep (244 nodes) tree

AdaBoost
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Gradient boosted trees and XGBoost
GBTs also an ensemble of trees 

➡ Trees trained iteratively on residuals 

to minimize the objective function (eg, mean squares) 

➡ AdaBoost is particular case with exponential objective 

XGBoost is best implementation of GBTs 
➡ Won 2016 Higgs Machine Learning Challenge 
➡ When in doubt, use XGBoost

16
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For instance, modeling of LHCb trigger

Our Monte Carlo samples are huge 
➡ To speed up the processing, they simulate only the trackers 

One of our triggers relies on the calorimeter to trigger on hadrons 
➡ How can we emulate its effect?? 

We use XGBoost

17

VELO TT Magnet T-layers ECAL HCAL
Muon 

stationsRICH1 RICH2

Charged hadron pKπ
pKπ
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Implementation

18

Extremely simple 
implementation in python

Import ML 
packages

Read TTree 
branches

Fit BDT or XGB 
to data

Save classifier

Read classifier and calculate 
output on new TTree

https://github.com/umd-lhcb/TrackerOnlyEmu/blob/1fc7a3de93de7741ebc1206c640d05b3d31e580c/scripts/l0hadron_trainload_bdt_xgb.py
https://github.com/umd-lhcb/TrackerOnlyEmu/blob/1fc7a3de93de7741ebc1206c640d05b3d31e580c/scripts/l0hadron_trainload_bdt_xgb.py
https://github.com/umd-lhcb/TrackerOnlyEmu/blob/1fc7a3de93de7741ebc1206c640d05b3d31e580c/scripts/l0hadron_trainload_bdt_xgb.py
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Beautiful emulation

XGB (blue) follows the 
fully simulated curve 
(black) beautifully

19
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Conclusions

Machine learning is a powerful tool that learns 
from large amounts of data 

Different techniques useful for different problems 
NNs tend to perform best with unstructured data 

➡ Eg, high res. image of CALO deposits 

BDTs tend to perform best with structured data 
➡ Eg, our ntuples stored in TTrees 

BDTs have some nice features 
➡ Robust against useless inputs 
➡ Can do classification (eg, signal vs background) 
➡ Cand do regression
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