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ODD for Deep Learning Development
• Open Data Detector:
•  Easy to simulate 

• Realistic test case 

• Develop, train and test your deep learning             
algorithm with the ODD -> then retrain it for your 
experiment 

• Some algorithms are already available in the library 
(second half of this talk)

• ODD full chain (see Monday’s tutorial)

• Output both a root or csv files 

• Truth information + Tracking information 

• Reference efficiency 
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Dataset simulation 

• I recommend full situation: G4 + Pythia8 ttbar ?

• With PU=200, around 1000 events are enough (around 1M 
tracks), but larger number of events might be needed for 
distribution tails

• G4 cannot be run multithreaded, but don’t hesitate to run multiple 
jobs in parallel (don’t forget to change the seed) 
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Network training

• I use Python for the network training part

• Python script for training the available algorithms are available in 
Examples/Scripts/Python/MLAmbiguityResolution 

• Don’t hesitate to open a PR to do the same 

• If you want to use your network in the ACTS chain afterwards 
easily, we recommend saving it as an ONNX file 
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https://github.com/acts-project/acts/tree/main/Examples/Scripts/Python/MLAmbiguityResolution


Implementation of your algorithm in ACTS
• Network inference can be easily be 

performed in C++ with ONNX runtime, 
available as an ACTS Plugins

• Three steps for the inference:

• Construct an Acts::OnnxRuntimeBase 
class with the path to your ONNX file path

• Fill an ACTS::NetworkBatchInput with 
your input 

• Run the inference with runONNXInference

• You can then create an ACTS Algorithm to 
wrap around the ONNX Plugin 
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Implementation of your algorithm in ACTS
• Adding the network as part of ACTS will let 

you run it as part of the full chain

• Here, for example, you can see that the 
SeedFilterML can be added to the chain

• You can have a look at the SeedFilterML or 
the AmbiguityResolutionML implementation 
as reference

• This will let you use the ACTS Example 
performance writing to see how your 
algorithm performs in the tracking chain
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Using Deep Learning for Seed and 
Track Selection in ACTS	



The Classical Tracking Chain

Four main steps:
• Space point formation: Create measurement points (hits) from detector data

• Track Seeding: Find triplets of hits compatible with particle hypothesis to serve as 
starting points for trajectories 

• Track Finding: Starting from the seed, find the particle trajectory in the detector (and 
reconstruct their associated parameters)

• Ambiguity Solving: Cleaning step, remove extra duplicated and fake tracks

Space point 
formation	
Clustering

Track Seeding Track Finding 
+ Fitting

Ambiguity 
Solving
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The Classical Tracking Chain

When considering the ODD with ttbar events, we have (per event):
• Seed: ~100k seed per events

• Tracks (after finding): ~ 2k Tracks

• Tracks (after solving): ~ 800

• Total truth particle: ~ 800

Space point 
formation	
Clustering

Track Seeding Track Finding 
+ Fitting

Ambiguity 
Solving

• Way too many extra tracks reconstructed
• Way too many seeds
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The idea: DL to select seeds/tracks

Four-step process:
• Scoring: Compute a score for each object using its properties

• Threshold: Remove object with low score (fake-like)

• Clustering: Cluster together objects belonging to the same particle

• Ranking: In each cluster, select the object with the best score
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Scoring Threshold Clustering Ranking

Input:	
Object parameters	
(position, direction…)



The idea: DL to select seeds/tracks

Goals:
• Speed up compare the regular algorithm 

• Free GPU version of the CPU algorithm 

• Improve the quality of reconstructed objects (select the better option in case of 
ambiguity)
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Scoring Threshold Clustering Ranking

Input:	
Object parameters	
(position, direction…)



First case: Ambiguity Resolution
• Post-track reconstruction: many tracks are duplicates 

(same associated truth particle)

• Fake tracks: combination of arbitrary hits (different truth 
particles)

• Ambiguity solver: remove both and handle hits shared by 
multiple tracks

• Implemented in Acts : Greedy Solver
• Select tracks with too many shared hits (> 2 in practice)
• Remove the tracks with the highest relative shared hits
• Recompute shared hit and repeat

• Classification problem : excellent opportunity for a          
DL-based solution in Acts
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Second case: Seed selection:

The seed can be sorted into 3 categories:
• Good seed: Seed corresponding to truth particles; 

their 3 hits are all associated with the same truth particle 
(~ 1k)

• Duplicated seed: Same as the good hits but leads to 
worse quality tracks (fewer hits, larger Chi2 …), can be 
ranked based on track quality (~24k)

• Fake seed: Seed with hits coming from more than 1 
truth particles will lead to a fake trajectory (~77.5k)

z

Each fake and duplicated seed will be reconstructed by the CKF 
(track finding) afterwards  Huge time loss 
Removing seeds early can help us speed up the tracking chain
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Object specific Clustering

Cluster Object 
together

Network to 
determine the 
best object per 

cluster
One cluster = One truth particle 

Tracks:
• Tracks from the same particle should share hits                

 shared hits based clustering :
• Select the leading track for cluster: most hits, no hits 

shared with the existing cluster
• Hits shared with a leading track: add to the cluster
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One cluster = One truth particle 

Tracks:
• Tracks from the same particle should share hits                

 shared hits based clustering :
• Select the leading track for cluster: most hits, no hits 

shared with the existing cluster
• Hits shared with a leading track: add to the cluster



Object specific Clustering

Cluster Object 
together

Network to 
determine the 
best object per 

cluster
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One cluster = One truth particle 

Tracks:
• Tracks from the same particle should share hits                

 shared hits based clustering :
• Select the leading track for cluster: most hits, no hits 

shared with the existing cluster
• Hits shared with a leading track: add to the cluster



One cluster = One truth particle 

Seed:
• Uses a DBScan clustering algorithm to aggregate seeds 

that appear to come from the same particle 

• 4D DBScan using four dimensions: 

• , ,  and 

• Two DBScan parameters

• ε=0.01 ; Minsample=2

η
0.1

ϕ
1

Z0

10
pT

20

Cluster A
Cluster B

Noise

Object specific Clustering

Cluster Object 
together

Network to 
determine the 
best object per 

cluster
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Deep learning based Scoring

Neural Network: Score each object,                                        
keep the highest score per cluster :

• Three-layer NN, used for ranking 

• One score per track  Select the best one

Advantages :

• No parameter tuning, only a short training 

• Available in Acts via Onnx Runtime

Cluster Object 
together

Network to 
determine the best 
object per cluster

Score
Sigmoid

• Number of states
• Number of measurements
• Number of Outliers
• Number of Holes

• NDF
• Chi2/NDF
• Eta
• Phi

Input parameters (Tracks): Input parameters (Seeds):
• Pt
• Eta
• Phi
• Z0

• Seed Quality
• Space point 1 (x,y,z)
• Space point 2 (x,y,z)
• Space point 3 (x,y,z)
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Ranking Neural Network 
Goal: one score per object, highest for the good one

• Training without clustering  uses truth matching instead

• Compute one loss per truth particle

• Use a Margin Ranking Loss : 

• x: object score;  y: good object score;

• Tracks: only duplicate, margin = 0.05 

• Seeds: Uses 2 different margins :

• margindup: between good and duplicated = 

• marginfake: between good and fake = 0.9

losspart =
1

Ntracks

tracks

∑ max(0, x − y + margin)

0.2 + 0.01 × rank

Score

Part1 Part2 Part3 Part4

margindup

good

duplicate

marginfake

Good object

duplicate/	
fake
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Score distribution for the seed 
good seed peak

More duplicate 
at lower score

fake peak

Score threshold
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Performance study with the ODD
• Full tracking chain with the ODD in Acts

• Geant4 + Pythia simulation of 1000 ttbar events (+ 
1000 for training)
• Timing measured on a local server  focuses on ratio 

more than absolute value

• Training: 
• Run the default full chain tracking with ODD
• Get CSV/Root output at different steps of tracking
• Use them to train the network in Python

• Performance evaluation:
• Via ONNX Runtime, add algorithm in the ACTS 

Examples
• Run the full chain tracking with the corresponding 

replaced by the new one
• Directly compare the root performance plots
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Ambiguity resolution (2023)
•Reference: output of the Acts Combinatorial Kalman Filter (CKF) 
•Rates are with respect to the number of tracks at the current step
•Efficiency (good tracks) : Fraction of the original good tracks still present                             

 Quality of the selection (ranking network)
•Efficiency (truth tracks) : Fraction of the original truth particles still present                          

 Quality of the clustering 
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Ambiguity resolution (2023)

Closest seed
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• Slight loss of efficiency in particular 
in dense environment

• Performance independent of the 
position in the detector and 
momentum

• Large speed up for a loss of 1% 
efficiency
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Seed Filtering (2025)
• Acts implement a seed deduplication as part of the CKF to remove duplicates

• Efficiency computed with respect to the number of truth particles

• Best Efficiency: Fraction of the best possible track (reference, no deduplication, post 
CKF) still present after the Ambiguity Solving in the different chain

• Minor decrease in performance, speed up by a factor of ~3

• Much better at finding and keeping possible tracks 
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Track Efficiency

Track 
Efficiency:

• Minimal loss 
of 
performance 

Seed Efficiency:

• Much smaller 
number of 
seeds per track

• Slight 
inefficiency in 
the forward 
region 
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Conclusion
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•ODD: Good benchmark for DL based tracking algorithm

•ACTS: a mechanism for inference in C++ with Onnx Runtime 

•Multiple algorithms available right now in ACTS

•Don’t hesitate to open a PR for your own so that other 
experiments can have access to them



BACKUP
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