
Enhanced Reconstruction of 
Dileptonic 𝑡 ҧ𝑡 Events with 

Supervised ML
Ethan Colbert on behalf of the CMS Collaboration

November 7, 2025

CMS Note 2025-010

1

https://cds.cern.ch/record/2944724?ln=en
https://cds.cern.ch/record/2944724?ln=en
https://cds.cern.ch/record/2944724?ln=en


Difficulties in Dileptonic Channel

• Presence of two invisible neutrinos poses 
challenge for kinematic reconstruction.
o Ambiguity in solution: multiple top quark momenta 

could give same jets, leptons, and missing 𝑝𝑇.
o Longitudinal momentum of neutrinos is 

unconstrained.

• Existing methods must rely on additional 
assumptions to provide necessary constraints.
o Assume values for masses of top quark/antiquark 

and 𝑊± bosons.
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SOTA: 𝑚ℓ𝑏-weighting

TOP-23-001 TOP-20-006 TOP-18-006 TOP-18-004 TOP-17-

014 TOP-16-011 TOP-16-007 TOP-15-010 TOP-12-028

Ellipse method

• Current standard reconstruction for CMS.
o Used in: TOP-23-001, TOP-20-006, TOP-18-006, TOP-18-004, TOP-17-

014, TOP-16-011, TOP-16-007, TOP-15-010, TOP-12-028, and more.
o Ellipse method is another common technique, based on same 

system of equations.

• Constraints from masses of 𝑡, ҧ𝑡, 𝑊± yield quartic equation in 
neutrino momentum.

• Final reconstructed 𝑡, ҧ𝑡 momenta are a weighted (by known 
𝑚ℓ𝑏 distribution) average over:
o Breit-Wigner smears of 𝑊± mass, and random smears of 

𝑏, ത𝑏, ℓ, തℓ momenta.
o Permutations of assignment of jets to 𝑏 and ത𝑏.

• Strong limitations:
o No smearing or scan over 𝑡, ҧ𝑡 mass – too computationally expensive.
o Still fails to reconstruct ~5% of events.
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A Transformer Approach

• To overcome these limitations, 
use an end-to-end supervised ML 
approach.

• We present a modified 
transformer architecture using 
learned MLP embeddings.

• Embedded tokens transformed 
to 𝑑model = 128 dimensions and 
concatenated into a sequence for 
multi-head attention.
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Figure from CMS Note 2025-010.
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Model Input and Output

Input: 52 detector-level observables
• 2 charged leptons:

o 𝑝𝑥 , 𝑝𝑦, 𝑝𝑧, 𝐸, charge

• 8 AK4 Jets:
o 𝑝𝑥 , 𝑝𝑦, 𝑝𝑧, 𝐸, b-tag score
o Ordered decreasing in 𝑝𝑇
o Zero-padded if <8 jets

• Missing Ԧ𝑝𝑇:
o 𝑝𝑥 , 𝑝𝑦

Output: 8 kinematical variables
• 𝑡 ҧ𝑡 system:

o 𝑝𝑥 , 𝑝𝑦, 𝑝𝑧

• Top quark in 𝑡 ҧ𝑡 zero-momentum 
frame (ZMF):
o 𝑝𝑥 , 𝑝𝑦, 𝑝𝑧, 𝐸

• Top antiquark in 𝑡 ҧ𝑡 ZMF:
o 𝐸
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Loss and Optimization

• Optimization algorithm is AdamW with weight decay 0.01.
• Learning rate 10-3, batch size 4,096.

• Loss function comprises three terms:

𝐿 = 𝑀𝑆𝐸 𝐲𝑝𝑟𝑒𝑑 , 𝐲𝑡𝑟𝑢𝑒 + 𝛼1 𝑀𝑆𝐸 𝐦𝑡/ ҧ𝑡
𝑝𝑟𝑒𝑑

, 𝐦𝑡/ ҧ𝑡
𝑡𝑟𝑢𝑒 +  𝛼2  ෍

𝑛=1
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𝑀𝑀𝐷(𝐂𝑛
𝑝𝑟𝑒𝑑

, 𝐂𝑛
𝑡𝑟𝑢𝑒)

Where 𝐂1 … 𝐂4 = 𝑝x
t ҧt, 𝑝y

t ҧt , 𝑝x
t∗, 𝑝y

t∗ , 𝑝z
t∗, 𝑝z

t ҧt , 𝐸t∗, 𝐸 ҧt∗ , 𝐦𝑡/ ҧ𝑡 refers to the collection 
of the masses of the 𝑡 and ҧ𝑡, 𝐲 is the collection of all output variables, and MMD refers 
to the maximum mean discrepancy, a distance measure for distributions.

• The coefficients 𝛼1 and 𝛼2 are treated as hyperparameters, tuned alongside others 
with a Bayesian-sampled scan.
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Performance Metric: RMS Error
• This is, at its core, a regression task. Hence, root-mean-square error (RMSE) is an appropriate metric. It 

is defined as:

RMSE =
1

𝒩
෍

𝑖=1

𝑁

𝑤𝑖
መ𝑓 𝑥𝑖; 𝛉  −  𝑦𝑖

true 2

• This suggests a straightforward definition of bias:

Bias =
1

𝒩
෍

𝑖=1

𝑁

𝑤𝑖
መ𝑓 𝑥𝑖; 𝛉  −  𝑦𝑖

true

Where, in both equations, 𝒩 is the sum of weights of all events, and መ𝑓 is a model with parameters 𝛉.

• Both RMSE and bias can be evaluated in bins of the true value, allowing for detailed study of a model’s 
behavior.
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Performance on top quarks
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CMS Note 2025-010

Transformer (and MLP) shows lower RMS error than 𝑚ℓ𝑏-weighting throughout phase space, with bias 
tending towards most likely values. All plots show withheld testing dataset (10% of 2017 UL dileptonic 𝑡 ҧ𝑡 
Monte Carlo, ~900k events). Figures from CMS Note 2025-010.
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Performance on top quarks
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RMS error as a fraction of the mean gen value per-bin illustrates scaling behavior, particularly in the case 
of top quark energy (right). Singularities occur, as expected, for true values approaching zero. Figures from 
CMS Note 2025-010.
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Performance on 𝑡 ҧ𝑡 system
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The transformer also improves reconstruction of the 𝑡 ҧ𝑡 boost frame and mass. We observe an interesting 
shift in the zero-bias point in 𝑝𝑇 𝑡 ҧ𝑡  with respect to 𝑚ℓ𝑏-weighting. Figures from CMS Note 2025-010.
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Performance on 𝑡 ҧ𝑡 system
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Scaling behaves as expected. Figures from CMS Note 2025-010.
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Performance Summary
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CMS

Note 2025-010

Overall RMS error for top quark, boosted top quark and 𝑡 ҧ𝑡 system observables is listed (table from CMS 
Note 2025-010), and is significantly lower for both ML reconstruction methods than for 𝑚ℓ𝑏-weighting. 
Fractional improvement with respect to 𝑚ℓ𝑏-weighting is also listed, with the transformer achieving 
roughly 30% improvement on average.
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Unreconstructed Events

• Roughly 5% of events are left 
unreconstructed by the 𝑚ℓ𝑏-
weighting method.

• Due to detector resolution on 
final-state observables pushing 
quartic equation into region with 
no real solutions.

• Leads to complications for 
analyses – non-trivial 
considerations for reconstruction 
efficiency.
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Sonnenschein, 2006

Example quartic equation in 
neutrino 𝑝𝑥, with four real roots 
that solve the 𝑡 ҧ𝑡 system.

Distribution of number of 
solutions given exact inputs. 
Detector resolution and 
incorrect assumptions cause 
some events to yield zero real 
solutions.

https://doi.org/10.1103/PhysRevD.73.054015


Performance on missed events
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CMS Note 2025-010

RMS error does not significantly differ for events unreconstructed by 𝑚ℓ𝑏-weighting, while bias profile 
shows some shift. Plots show the 2016 pre-VFP dileptonic 𝑡 ҧ𝑡 MC (different events than model 
training/evaluation). Figures from CMS Note 2025-010.

https://cds.cern.ch/record/2944724?ln=en


Performance on missed events
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CMS Note

2025-010

Very different error profile in 𝑝𝑇 𝑡 ҧ𝑡  for events unreconstructed by 𝑚ℓ𝑏-weighting! Figures from CMS Note 
2025-010. 
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Summary

• We have developed a transformer-based model that significantly 
improves on the SOTA technique for reconstructing the kinematics 
of dileptonic 𝑡 ҧ𝑡 events.
oAverage of 30% improvement in RMS error on kinematical variables.
oReconstructs events missed by 𝑚ℓ𝑏-weighting with good quality.

• We are continuing our studies to address the limitations of the 
current model and working towards utilizing it for analysis.
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Additional Material
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Structure of ML Models

DNN/MLP

• Simple fully-connected architecture.
• Hidden layers consist of linear 

transformation, ReLU activation, 
batchnorm, and dropout.

• Total trainable parameters: ~75k.

Transformer

• Transformer with MLP embeddings.
• Treats events as sequences of 

particles.

• Architecture is order-invariant.

• Total trainable parameters: ~1.7M
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Hyperparameter Value

Hidden layers 5

Layer width 128

Dropout 0.3

Loss 𝛼1, 𝛼2 5x10-4, 5

Hyperparameter Value

Embedded dimensionality 128

Embedding layer width 378

Encoder, decoder layers 4, 4

Attention heads 8

Feedforward width 354

Dropout 0.09

Loss 𝛼1, 𝛼2 10-3, 10
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