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• [2019-2022] Moved to London for postdoc at UCL 
for 4 months (based at CERN afterwards)
• VH(bb) measurements, flavour tagging (GN1 and 

GN2), industry-related ML projects
• [2022-2025] CERN fellow

• Third year funded by Canadian 
Banting fellowship

• Tracking (CTIDE convener), HH 
searches (HH4b analysis contact)

• Drove from CERN to Amsterdam

Postdoc life

2022

2019

Last week!
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• Free time: kayaking, hiking, camping, 
skiing, anything with mountains
• This will undoubtedly change now that 

I’m in the Netherlands 😅
• Married to Megan, Lola joined us in 2022

Personal life
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• Tracking underpins all reconstruction 
• Crucial to ensure continued tracking 

performance in harsh HL-LHC conditions 
• Clustering and tracking in dense 

environments (CTIDE) can be improved 
• MaskFormer primer 
• Two applications of MaskFormer 

• Full-event tracking with the trackML 
dataset [2411.07149] 

• CTIDE in ATLAS

5

Outline
Note: citations for this talk are 
given as hyperlinks on each 
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https://arxiv.org/abs/2411.07149
http://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/PERF-2015-08/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2022-027/
https://acts.readthedocs.io/en/latest/tracking.html
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How can we 
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Figure 1: The updated projected uncertainty of the com-
bined coupling strength scale factor measurements with
3 ab→1 of pp collisions under the S2 systematic uncer-
tainty scenario.

Figure 2: Left: ATLAS+CMS ω3 likelihood scans for single decay channels and the combination for 3 ab→1 for the S3 scenario.
Right: The ATLAS+CMS projections for ω2V in the S2 scenario.

both experiments can reach similar sensitivity by using the same experimental techniques. In the case of the175

bb̄ω
+
ω
→ channel, the CMS Run 2 sensitivity was limited by the trigger. An improved trigger has already been176

deployed by CMS for Run 3 [54], achieving similar performance as the ATLAS trigger. The bb̄εε projection is177

based on independent ATLAS [55] and CMS [16] projections.178

Table 2 shows the expected significance on the HH signal yield and the expected 68% and 95% confidence179

intervals (CIs) on ϑ3 . Values are quoted per decay channel and per experiment, for the various scenarios. The180

combination of ATLAS and CMS measurements would result in a > 5ϖ observation of HH production already181

with 2 ab→1 in the S2 scenario, projected to more than 7ϖ with 3 ab→1 (to be compared to the 4ϖ projection182

performed for the previous European Strategy [1, 2]). Going from S2 to S3 brings 5% gain in precision, while the183

increase in precision from 2 to 3 ab→1 brings a gain of 20% on the signal significance. A precision on ϑ3 below184

30% can be obtained in the S3 scenario with 3 ab→1. Even neglecting the improvements expected from detector185

upgrades, this value will be further reduced when the analysis techniques (category definition, classifier training,186

etc.) will be retuned for the HL-LHC analysis campaign. To match this precision at an e
+
e
→ collider, one needs at187

least a centre-of-mass energy above → 500 GeV. In Fig. 3 (left), the ATLAS+CMS projections on the precision of188

the ϑ3 determination for different possible values of the Higgs trilinear coupling are displayed for the S2 scenario189

and 3 ab→1. As can be seen, the HL-LHC can exclude the case that ϑ3 is equal to the SM value even if ϑ3 → 2.5,190

which is the case with lowest sensitivity because the interference of the box diagram and the diagram with the191

trilinear coupling are maximal and therefore the di-Higgs production cross-section is minimal. One should stress192

that thanks to the improvement in precision, the minimum of the expected likelihood is unique, regardless of the193

4

Internal Internal

• Recent HL-LHC projections 
provide promising sensitivity to 
Higgs self-coupling and beyond, 
and assume sustained or improved 
tracking performance; critical to ensure continuity of 
tracking performance at the HL-LHC!

https://atlas-glance.cern.ch/atlas/analysis/pubnotes/details?ref_code=PUB-HIGP-2025-04
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tainty scenario.

Figure 2: Left: ATLAS+CMS ω3 likelihood scans for single decay channels and the combination for 3 ab→1 for the S3 scenario.
Right: The ATLAS+CMS projections for ω2V in the S2 scenario.

both experiments can reach similar sensitivity by using the same experimental techniques. In the case of the175

bb̄ω
+
ω
→ channel, the CMS Run 2 sensitivity was limited by the trigger. An improved trigger has already been176

deployed by CMS for Run 3 [54], achieving similar performance as the ATLAS trigger. The bb̄εε projection is177

based on independent ATLAS [55] and CMS [16] projections.178

Table 2 shows the expected significance on the HH signal yield and the expected 68% and 95% confidence179

intervals (CIs) on ϑ3 . Values are quoted per decay channel and per experiment, for the various scenarios. The180

combination of ATLAS and CMS measurements would result in a > 5ϖ observation of HH production already181

with 2 ab→1 in the S2 scenario, projected to more than 7ϖ with 3 ab→1 (to be compared to the 4ϖ projection182

performed for the previous European Strategy [1, 2]). Going from S2 to S3 brings 5% gain in precision, while the183

increase in precision from 2 to 3 ab→1 brings a gain of 20% on the signal significance. A precision on ϑ3 below184

30% can be obtained in the S3 scenario with 3 ab→1. Even neglecting the improvements expected from detector185

upgrades, this value will be further reduced when the analysis techniques (category definition, classifier training,186

etc.) will be retuned for the HL-LHC analysis campaign. To match this precision at an e
+
e
→ collider, one needs at187

least a centre-of-mass energy above → 500 GeV. In Fig. 3 (left), the ATLAS+CMS projections on the precision of188

the ϑ3 determination for different possible values of the Higgs trilinear coupling are displayed for the S2 scenario189

and 3 ab→1. As can be seen, the HL-LHC can exclude the case that ϑ3 is equal to the SM value even if ϑ3 → 2.5,190

which is the case with lowest sensitivity because the interference of the box diagram and the diagram with the191

trilinear coupling are maximal and therefore the di-Higgs production cross-section is minimal. One should stress192

that thanks to the improvement in precision, the minimum of the expected likelihood is unique, regardless of the193
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• Recent HL-LHC projections 
provide promising sensitivity to 
Higgs self-coupling and beyond, 
and assume sustained or improved 
tracking performance; critical to ensure continuity of 
tracking performance at the HL-LHC!

• Current track finding algorithms, while excellent, are 
projected to increase dramatically in computational 
cost at the HL-LHC

https://atlas-glance.cern.ch/atlas/analysis/pubnotes/details?ref_code=PUB-HIGP-2025-04
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2019-041/
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Figure 1: The updated projected uncertainty of the com-
bined coupling strength scale factor measurements with
3 ab→1 of pp collisions under the S2 systematic uncer-
tainty scenario.

Figure 2: Left: ATLAS+CMS ω3 likelihood scans for single decay channels and the combination for 3 ab→1 for the S3 scenario.
Right: The ATLAS+CMS projections for ω2V in the S2 scenario.

both experiments can reach similar sensitivity by using the same experimental techniques. In the case of the175

bb̄ω
+
ω
→ channel, the CMS Run 2 sensitivity was limited by the trigger. An improved trigger has already been176

deployed by CMS for Run 3 [54], achieving similar performance as the ATLAS trigger. The bb̄εε projection is177

based on independent ATLAS [55] and CMS [16] projections.178

Table 2 shows the expected significance on the HH signal yield and the expected 68% and 95% confidence179

intervals (CIs) on ϑ3 . Values are quoted per decay channel and per experiment, for the various scenarios. The180

combination of ATLAS and CMS measurements would result in a > 5ϖ observation of HH production already181

with 2 ab→1 in the S2 scenario, projected to more than 7ϖ with 3 ab→1 (to be compared to the 4ϖ projection182

performed for the previous European Strategy [1, 2]). Going from S2 to S3 brings 5% gain in precision, while the183

increase in precision from 2 to 3 ab→1 brings a gain of 20% on the signal significance. A precision on ϑ3 below184

30% can be obtained in the S3 scenario with 3 ab→1. Even neglecting the improvements expected from detector185

upgrades, this value will be further reduced when the analysis techniques (category definition, classifier training,186

etc.) will be retuned for the HL-LHC analysis campaign. To match this precision at an e
+
e
→ collider, one needs at187

least a centre-of-mass energy above → 500 GeV. In Fig. 3 (left), the ATLAS+CMS projections on the precision of188

the ϑ3 determination for different possible values of the Higgs trilinear coupling are displayed for the S2 scenario189

and 3 ab→1. As can be seen, the HL-LHC can exclude the case that ϑ3 is equal to the SM value even if ϑ3 → 2.5,190

which is the case with lowest sensitivity because the interference of the box diagram and the diagram with the191

trilinear coupling are maximal and therefore the di-Higgs production cross-section is minimal. One should stress192

that thanks to the improvement in precision, the minimum of the expected likelihood is unique, regardless of the193
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• Recent HL-LHC projections 
provide promising sensitivity to 
Higgs self-coupling and beyond, 
and assume sustained or improved 
tracking performance; critical to ensure continuity of 
tracking performance at the HL-LHC!

• Current track finding algorithms, while excellent, are 
projected to increase dramatically in computational 
cost at the HL-LHC

• Tremendous work already carried out to ensure continuity 
of tracking performance in harsh HL-LHC conditions

https://atlas-glance.cern.ch/atlas/analysis/pubnotes/details?ref_code=PUB-HIGP-2025-04
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2024-018/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2019-041/
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How can we make 
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http://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/PERF-2015-08/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2022-027/
https://acts.readthedocs.io/en/latest/tracking.html
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Tracking in dense environments 
is still not perfect
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• Even with latest developments (e.g. pixel cluster splitting 
MDN, dedicated ambiguity resolution), clear 
room for improvement

http://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/PERF-2015-08/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/IDTR-2022-03/
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• Two main culprits are:
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• Even with latest developments (e.g. pixel cluster splitting 
MDN, dedicated ambiguity resolution), clear 
room for improvement

• Two main culprits are:
• Ambiguity resolution

http://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/PERF-2015-08/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/IDTR-2022-03/
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• Even with latest developments (e.g. pixel cluster splitting 
MDN, dedicated ambiguity resolution), clear 
room for improvement

• Two main culprits are:
• Ambiguity resolution
• Seeding
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• Even with latest developments (e.g. pixel cluster splitting 
MDN, dedicated ambiguity resolution), clear 
room for improvement

• Two main culprits are:
• Ambiguity resolution
• Seeding

• Improving reconstruction efficiency for B-hadron 
tracks directly improves flavour tagging, leading to 
enhanced di-Higgs searches and measurements

http://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/PERF-2015-08/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/IDTR-2022-03/
https://acts.readthedocs.io/en/latest/tracking.html
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Can we exploit advances in machine 
learning to improve these two facets of 

tracking at the same time?
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MaskFormer is the current state of the art for image 
segmentation [2304.02643]

https://arxiv.org/abs/2304.02643
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• Starting with the trackML dataset 
to benchmark performance 

• Focus on accuracy phase first, 
then move to throughput phase 

•  hits,  particles𝒪(100k) 𝒪(10k)

TrackML challenge

Transformers for Charged Particle Track Reconstruction in High Energy Physics A PREPRINT

is applied to low-probability connections. Finally, track candidates are extracted in a postprocessing step through an
iterative graph segmentation algorithm. While this pipeline demonstrates promising performance and scalability, the
initial graph construction stage remains a computational bottleneck.

HGNN Hierarchical Graph Neural Networks (HGNN) [30] have been proposed as an alternative to the iterative graph
segmentation approach used by GNN4ITK. The method groups nodes into super-nodes, enlarging the receptive field of
the graph convolutions and allowing message passing across disconnected graph components. While HGNN improves
track reconstruction efficiency, it has a high fake rate that would have to be reduced via additional post-processing and
an increased computational cost, both of which raise concerns about its viability for HL-LHC deployment.

Object Condensation Object condensation (OC) [31] is an approach to track reconstruction in which hits are clustered
in a learned latent space. The method selects representative hits to characterise entire tracks, with remaining hits
assigned through an off-model clustering algorithm. Similar to other approaches, OC relies on an edge classification
step to reduce hit connections. We hypothesise that OC’s reliance on single representative hits to characterise entire
tracks may limit its effectiveness, as it couples hit feature extraction and track reconstruction stages. Additionally, the
assignment of hits to tracks is not explicitly provided by the model, and the current clustering-based assignment does
not support the assignment of hits to multiple tracks.

Experimental Transformer approaches Transformers have been explored for track reconstruction in previous works
[32–34], which either directly classify hits or rely on modelling tracks as a sequence of hits and training autoregressive
models. Detailed comparisons with these approaches are omitted as they have not yet been validated on the full
TrackML dataset or do not fully characterise tracking performance in terms of efficiency, fake-rate and timing.

Computer Vision Recent advancements in computer vision, particularly in object detection and instance segmentation,
offer a promising alternative to the geometric deep learning techniques used by existing ML-based track reconstruction
efforts. In computer vision, object detection has evolved from simple bounding box prediction [35, 36] to sophisticated
pixel-level instance segmentation [24, 37]. The MaskFormer architecture [24, 38], built on Transformer networks [25],
has been particularly successful in simultaneously handling semantic and instance segmentation tasks. This approach
distinguishes multiple instances of the same object class through unique instance masks while maintaining shared class
labels —- a capability directly relevant to particle track reconstruction. By replacing the image pixels with an unordered
set of hits and the image-depicted objects with charged particle tracks, we can leverage the MaskFormer architecture to
address the challenges of track reconstruction.

MaskFormers in High Energy Physics The utility of computer vision approaches in particle physics was recently
demonstrated in Ref. [26], which successfully adapted the MaskFormer architecture to reconstruct displaced secondary
decay vertices. While particle physics tasks have traditionally relied on specialised architectures designed for specific
problems, this work showed that a single versatile architecture can effectively handle unordered sets of particle physics
data, successfully identifying and characterising multiple vertices within jets. We extend this by applying the same
architectural foundation to the distinct challenge of track reconstruction. The successful application of a common
architecture to two different reconstruction tasks -— vertex finding and track reconstruction —- suggests a promising
path toward more unified approaches in particle physics reconstruction, potentially reducing the field’s reliance on
task-specific solutions.

Table 1 summarises the key aspects of the various ML-based approaches to charged particle track reconstruction
discussed in this section, including a comparison of the minimum transverse momentum (pmin

T ) and maximum
pseudorapidity (ω) used to define target particles (for more information see Section 4).

pmin
T max |ω| Layers Used Preprocessing Postprocessing

GNN4ITK [29] 1 GeV 4.0 Pixel + strip Edge classification Graph traversal
HGNN [30] 1 GeV 4.0 Pixel + strip Edge classification GMPool [30]
OC [31] 900 MeV 4.0 Pixel Edge classification Clustering
This Work 600 MeV 2.5 Pixel Hit filtering None

Table 1: Comparison of ML-based approaches to charged particle track reconstruction. Tracking detectors at general
purpose collider experiments are composed of pixel and strip layers, see Ref. [39] for more information. More
information about the dataset can be found in Section 4.1.
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https://www.kaggle.com/c/trackml-particle-identification
https://arxiv.org/abs/2411.07149
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• Simplify problem in the 
first instance; focus on 
innermost pixel detector 
(no strips for now) 

• Two-step approach used: 
1. Filter hits with transformer 
2. Run tracking on remaining 

hits with MaskFormer

Tracking with MaskFormer
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• Target tracks: 
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Figure 3: Histograms summarising the kinematics and object multiplicities of the TrackML dataset restricted to the
inner pixel layers. (Top left) The pT distribution of all particles. (Top right) A histogram showing the distribution of
the pseudorapidity ω of the particles. (Bottom left) The distribution of the number of total particles in each event. The
distribution for all particles is shown in black. Also shown are the number of particles left after applying the three pT
cuts used in this work. (Bottom right) The distribution of the number of hits in the events before filtering.

trade-offs between model complexity, inference time, and performance. They also provide an insight into the impact of
reducing the effective training statistics (i.e. the number of target particles), as discussed in Section 5.

For each of the validation and testing sets, 100 events are reserved with the remaining events used for training. Models
are trained on a single NVIDIA A100 GPU for 30 epochs. The hit filtering models trained in approximately 10 hours,
while the tracking models trained in 20-60 hours, depending on the pmin

T threshold. A batch size of a single event is
used. Inference times can be found in Section 5.3.

pmin
T Hits (Pre) Hits (Post) Particles Object Queries

1 GeV 57k 6k 800 1100
750 MeV 57k 8k 1300 1800
600 MeV 57k 12k 1800 2100

Table 2: Summary of the models trained with different minimum particle thresholds pmin
T . For each threshold, the

number of hits pre- and post-filtering is shown, along with the average number of target particles in the event, and the
configured number of object queries for the associated track reconstruction model. Hit and particle counts are averaged
over the test set.

5 Results

As described in Section 4.1, we consider a particle to be reconstructable if it leaves at least three hits in the pixel
detector, has an absolute pseudorapidity of |ω| < 2.5, and a transverse momentum pT above a variable threshold pmin

T .
The hit filtering performance is discussed in Section 5.1, while the tracking performance is discussed in Section 5.2 and
inference times are presented in Section 5.3. All results shown are obtained using the test set of 100 events.

5.1 Hit Filtering

In the hit filtering task, hits are labelled as signal if they belong to a reconstructable particle and noise otherwise. The
filter performance is evaluated using binary efficiency and purity. The hit efficiency is defined as the fraction of signal
hits retained after filtering, while the purity represents the fraction of retained hits that are signal hits.

Fig. 4 demonstrates how these metrics vary with the probability threshold used to classify hits. At our chosen operating
threshold of 0.1, the models achieve impressive performance while significantly reducing the input multiplicity for

7

https://gitlab.cern.ch/svanstro/hepformer/-/blob/main/hepformer/tracking/configs/newfilter.yaml#L52
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number of hits pre- and post-filtering is shown, along with the average number of target particles in the event, and the
configured number of object queries for the associated track reconstruction model. Hit and particle counts are averaged
over the test set.

5 Results

As described in Section 4.1, we consider a particle to be reconstructable if it leaves at least three hits in the pixel
detector, has an absolute pseudorapidity of |ω| < 2.5, and a transverse momentum pT above a variable threshold pmin

T .
The hit filtering performance is discussed in Section 5.1, while the tracking performance is discussed in Section 5.2 and
inference times are presented in Section 5.3. All results shown are obtained using the test set of 100 events.

5.1 Hit Filtering

In the hit filtering task, hits are labelled as signal if they belong to a reconstructable particle and noise otherwise. The
filter performance is evaluated using binary efficiency and purity. The hit efficiency is defined as the fraction of signal
hits retained after filtering, while the purity represents the fraction of retained hits that are signal hits.

Fig. 4 demonstrates how these metrics vary with the probability threshold used to classify hits. At our chosen operating
threshold of 0.1, the models achieve impressive performance while significantly reducing the input multiplicity for
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Trained on a single NVIDIA 
A100 GPU for 30 epochs 

(batch size of 1) 

Hit filtering: ~10 hours 

Tracking: 20-60 hours, 
depending on pT threshold

https://gitlab.cern.ch/svanstro/hepformer/-/blob/main/hepformer/tracking/configs/newfilter.yaml#L52
https://arxiv.org/abs/2411.07149
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• Typical transformer architectures have 
 complexity due to self-attention 

• Assume hits only need to attend to nearby hits in the azimuthal angle  

• Ordering hits in  and assuming -locality allows us to use sliding 
window attention which scales like , where  is the width of 
the sliding window (i.e. linearly in number of input hits ) 

• Note: append first  hits to the end of the sequence and vice-versa to 
allow hits to communicate around the  boundary 

• FlashAttention-2 and SwiGLU activation improve performance
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Sliding window attention

(a) Full n2 attention (b) Sliding window attention (c) Dilated sliding window (d) Global+sliding window

Figure 2: Comparing the full self-attention pattern and the configuration of attention patterns in our Longformer.

translation (MT), but didn’t explore the pretrain-
finetune setting. Blockwise attention (Qiu et al.,
2019) pretrained their models and evaluated on
question answering (QA). However, the evaluation
is limited as it doesn’t include language modeling,
and the QA datasets are of relatively short docu-
ments,2 therefore the effectiveness of this model
on long document tasks remains unexplored.

Task-specific Models for Long Documents

Many task-specific approaches have been devel-
oped to workaround the 512 limit of pretrained
transformer models like BERT. The simplest ap-
proach just truncates the document, commonly
used for classification (Xie et al., 2019). An-
other approach chunks the document into chunks
of length 512 (could be overlapping), processes
each chunk separately, then combines the activa-
tions with a task specific model (Joshi et al., 2019).
A third approach popular for multihop and open
domain QA tasks uses a two-stage model where
the first stage retrieves relevant documents that are
passed onto the second stage for answer extrac-
tion (Clark and Gardner, 2017; Chen et al., 2017).
All of these approaches suffer from information
loss due to truncation or cascading errors from
the two stage approach. In contrast, Longformer
can process long sequences without truncating or
chunking, allowing us to adopt a much simpler ap-
proach that concatenates the available context and
processes it in a single pass.

A few contemporaneous works3 have explored
similar ideas to Longformer using local + global
attention in Transformers, and pre-training it for
long document natural language tasks. In particu-
lar, ETC (Ainslie et al., 2020) uses a similar local
+ global attention instead of full self-attention to
scale Transformers to long documents. Different
from Longformer, ETC uses relative position em-

2SQuAD contexts typically fit within the 512 limit, and
MRQA is constructed by dropping long-document examples.

3All were published on arXiv after Longformer.

beddings (which we only used for the Autoregres-
sive LM setting), introduces an additional training
objective (CPC loss) for pre-training, and config-
ures global attention in a slightly different way.
It shows strong results on several tasks including
reading comprehension and classification. GMAT
(Gupta and Berant, 2020) uses a similar idea of
few global locations in the input serving as global
memory. BigBird (Zaheer et al., 2020) is an exten-
sion over ETC with evaluation on additional tasks,
including summarization. Importantly, through the-
oretical analysis, BigBird shows that sparse Trans-
formers are universal approximators of sequence
functions and preserve these properties of the full
self-attention.

3 Longformer

The original Transformer model has a self-attention
component with O(n2) time and memory complex-
ity where n is the input sequence length. To address
this challenge, we sparsify the full self-attention
matrix according to an “attention pattern” specify-
ing pairs of input locations attending to one another.
Unlike the full self-attention, our proposed atten-
tion pattern scales linearly with the input sequence,
making it efficient for longer sequences. This sec-
tion discusses the design and implementation of
this attention pattern.

3.1 Attention Pattern

Sliding Window Given the importance of local
context (Kovaleva et al., 2019), our attention pat-
tern employs a fixed-size window attention sur-
rounding each token. Using multiple stacked lay-
ers of such windowed attention results in a large
receptive field, where top layers have access to all
input locations and have the capacity to build repre-
sentations that incorporate information across the
entire input, similar to CNNs (Wu et al., 2019).
Given a fixed window size w, each token attends
to 1

2w tokens on each side (Fig. 2b). The com-
putation complexity of this pattern is O(n ⇥ w),

3

M2

https://arxiv.org/abs/2307.08691
https://arxiv.org/abs/2002.05202
https://arxiv.org/abs/2004.05150
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It shows strong results on several tasks including
reading comprehension and classification. GMAT
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formers are universal approximators of sequence
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3

M2

From the SwiGLU paper: 
“We offer no explanation as to why 
these architectures seem to work; 
we attribute their success, as all 

else, to divine benevolence.” 

https://arxiv.org/abs/2307.08691
https://arxiv.org/abs/2002.05202
https://arxiv.org/abs/2004.05150
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Hit filtering
• Exploit Transformer-based hit filtering model to reduce the input 

hit multiplicities by predicting whether each hit is noise or signal 
• Signal: hit belonging to a reconstructable particle 
• Noise: hits belonging to particles that we do not wish to 

reconstruct (e.g. particle with pT below threshold or outside η 
acceptance) and intrinsic noise hits not belonging to any particle 

• Use hit input features to represent hit in -dimensional 
latent space 

• Window size  used for sliding window attention 
• Output embeddings are classified using a dense network with 

three hidden layers

d = 256

w = 1024

https://gitlab.cern.ch/svanstro/hepformer/-/blob/main/hepformer/tracking/configs/newfilter.yaml#L52
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• Hit efficiency: fraction of signal hits 
retained after filtering 

• Hit purity: fraction of retained hits that are 
signal hits 

• Markers show efficiency and purity at the 
chosen threshold of 0.1

Hit filtering results
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downstream tracking. The dramatic reduction in hit multiplicity achieved - from approximately 57k to 6k-12k hits
depending on the model - are detailed in Table 2 and also visualised in Fig. 2.
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Figure 4: (Left) Signal hit purity as a function of the signal hit efficiency for the three different hit filtering models.
The markers show the efficiency and purity at the chosen threshold of 0.1 and each model achieves an area under the
curve of 0.998. (Right) The fraction of particles that remain reconstructable as a function of simulated particle pT after
filtering hits that fall below the 0.1 threshold. Binominal errors are indicated by the vertical spans.

As summarised in Table 3, the HF-600 MeV model maintains a hit efficiency of 99.5% while improving purity from
15.6% pre-filter to 72.7% post-filter. Similarly, the HF-750 MeV and HF-1 GeV models achieve efficiencies of 99.6%
and 99.4% respectively, with corresponding purities of 66.8% and 53.6%. This represents dramatic purity improvements
from their pre-filter values of 11.1% and 6.8%. When considering only hits from particles in the central detector region
(|ω| < 2.5), the initial purities are higher at 30.6%, 21.9%, and 13.3% respectively, still demonstrating a significant
improvement.

Model Initial Purity (|ω| < 2.5) Filter Efficiency Filter Purity Reconstructable

HF-1 GeV 6.8% (13.3%) 99.4% 53.6% 99.1%
HF-750 MeV 11.1% (21.9%) 99.6% 66.8% 99.4%
HF-600 MeV 15.6% (30.6%) 99.5% 72.7% 99.3%

Table 3: Performance of the hit filtering models on the test set. From left to right the columns show the initial hit
purity (and the purity considering only hits from particles with |ω| > 2.5), the post-filter efficiency and purity, and
the percentage of particles which remain reconstructable (i.e. retain three or more hits in the pixel layers) after the
application of the filter. Statistical uncertainties are negligible.

We also examine the fraction of particles that remain reconstructable after filtering (i.e. those that retain at least
three pixel hits). The results are shown as a function of the particle pT in Fig. 4, and integrated values are shown
in Table 3. For particles with pT > 1 GeV, both the HF-600 MeV and HF-750 MeV models maintain excellent
performance, preserving more than 99.5% of particles. This performance degrades as particle pT approaches pmin

T . The
HF-1 GeV model’s reduced performance across all pT ranges (99.1% reconstructable fraction compared to 99.4% for
HF-750 MeV) demonstrates the advantage of training with lower pT particles (increasing the training statistics and
avoiding boundary effects), and the benefit of using a larger model.

5.2 Tracking

Track reconstruction performance is evaluated in terms of the efficiency and fake rate. Tracking efficiency is defined as
the fraction of reconstructable particles that are correctly matched to a reconstructed track. The fake rate is defined as
the fraction of reconstructed tracks that are not well-matched to any reconstructable particle. We consider two different
criteria to define whether a track is matched to a particle or not: double majority and perfect matching. Under the double
majority (DM) criteria, a match occurs if > 50% of the particle’s hits are assigned to the track and > 50% of the hits on
the track are from that particle. Under the perfect criteria, a match occurs if all of the particle’s hits are assigned to the
track, and no other hits are assigned. Each track is matched to the simulated particle that contributes the largest number

8

https://arxiv.org/abs/2411.07149
https://arxiv.org/abs/2411.07149
https://arxiv.org/abs/2411.07149
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Track reconstruction
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• Window size  to 
compensate for reduced 
hit multiplicities after filtering 

• Object queries represent 
possible output tracks (set 
number of queries to max 
number of tracks in the 
training dataset) 

• Three task heads: track class, track-to-hit assignment, track properties 
• Use 8 decoder layers 
• Regressed track properties: px, py, pz, production vertex z position

w = 512

https://arxiv.org/abs/2411.07149
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• Efficiency: fraction of reconstructable particles that are 
correctly matched to a reconstructed track 

• Fake rate: fraction of reconstructed tracks that are not 
well-matched to any reconstructable particle 

• Matching criteria: 
• Double majority (DM): match occurs if >50% of the 

particle’s hits are assigned to the track and >50% of the 
hits on the track are from that particle 

• Perfect matching: match occurs if all of the particle’s hits 
are assigned to the track, and no other hits are assigned 

• Each track is matched to the simulated particle that 
contributes the largest number of hits to the track 
(particle chosen at random if two particles have the 
same number of hits on a given track)

Tracking results
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Inference times

Transformers for Charged Particle Track Reconstruction in High Energy Physics A PREPRINT
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Figure 7: Residuals between the regressed parameters of reconstructed tracks and the targets from the DM matched
tracks. Tracks matched to simulated particles with pT > pmin

T are used for each model. The mean µ and inter-quartile
range (IQR) of the residuals for each model is shown in the legend. Residuals that lie outside the plot range are placed
into extremal bins. Note that residuals for the angle ω and pseudorapidity ε are shown in thousandths in both the plot
and the legend values.

Tracking time [ms] Filter + tracking time [ms]

MF-1 GeV 50 ± 7 73 ± 8

MF-750 MeV 77 ± 9 100 ± 11

MF-600 MeV 101 ± 12 124 ± 14

Table 5: Mean inference times and standard deviations for the tracking model forward pass, and combined filtering and
tracking forward pass, evaluated on an NVIDIA A100 GPU with a batch size of 1.

To understand scaling behaviour, we analysed inference times as a function of hit multiplicity in Fig. 8. Both the
filtering and tracking models exhibit linear scaling with the number of input hits, a critical result achieved through
the optimisations described in Section 3.1. This linear scaling allows us to extrapolate performance to more realistic
detectors. With the O(300k) hits expected in the ITk at the start of Run 4 [55], we project a combined filter and tracking
time of 390 ms, assuming the linear scaling holds and the hit filter retains 25% of all hits. This projection is competitive
with recent results from the GNN4ITk project [56] and timing studies in Ref. [54], and is comparable to the timings
achieved by an optimised non-ML approach to trigger-level tracking [57].

Figure 8: Inference times as a function of the input hit multiplicity for the hit filtering model (left) and 1 GeV track
reconstruction model (right), evaluated on an NVIDIA A100 GPU with a batch size of 1. The average time in each bin
and the 95% confidence intervals are shown by the markers and vertical error bars. A linear fit is shown in the dashed
line, along with a 95% confidence interval shown by the shaded region.

11

• Timing studies carried out on NVIDIA A100 GPU 
(batch size 1) 

• Hit filtering forward pass requires on average 23 
ms per event with  hits 

• Rough extrapolation to ITk with  hits 
provides 390 ms for filter+tracking assuming linear 
scaling holds and hit filter retains 25% of all hits

𝒪(60k)
𝒪(300k)

https://arxiv.org/abs/2411.07149
https://arxiv.org/abs/2411.07149
https://arxiv.org/abs/2411.07149
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Can MaskFormer help the 
current ATLAS tracking?
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MaskFormer in CTIDE

• Current number/position networks view each cluster 
individually and have no detailed knowledge of the other 
clusters on the track 
• Can we exploit the correlation that exists to improve both 

track assignment and local hit multiplicity/position estimation? 
• Different problem than trackML; fewer tracks to 

reconstruct, fewer hits to deal with 
• Instead of tackling scale, can we instead use MaskFormer to 

tackle complexity?

https://gitlab.cern.ch/hart/ambi/-/blob/master/ambi/configs/base.yaml?ref_type=heads#L23
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Hadronic ROIs
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• Instead of full-event, each instance is a 
single hadronic ROI 
• Good test environment for tracking in 

dense environments 
• Use dumper to get per-ROI .parquet files for easy manipulation in ML 

framework 
• Ultimately need to feed this back into Athena to properly test things 

• Currently in the process of exporting model to ONNX 
• Try simply running ambiguity solving twice; once with default reco, once with 

MaskFormer

https://gitlab.cern.ch/Atlas-Inner-Tracking/ctide-ambiguity-solver-analyser
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CTIDE MaskFormer
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• No hit filtering applied 
• Train model to predict: 

• Track-to-hit assignment based on pseudo tracks 
(primary task) 

• Track parameters (q/p, η, φ, d0, z0) 
• Track-hit parameters (local x/y, local φ/θ, energy) 

• Number of clusters roughly peaking at multiples 
of 12 clusters (i.e. number of clusters for a 
“perfect” track) 
• 4 pixel + 4x2 SCT = 12 clusters
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Training setup

5

Training Setup

5

• Use a 256-embed dimension

• Pixel and SCT hits fed through 4-layer transformer encoder

• These are concatenated and fed through an 8-layer object decoder

• Use 1M ROIs, maximum of 32 pseudotracks in ROI, 128 pixels, 512 SCT hits

• Require pseudotracks to have pT > 500MeV, abs ROI eta < 1, all sharing and noise hits allowed

• Also regress the track pT, ROI relative eta and phi

Can see how mask and object class predictions are 
refined as they pass through more decoder layers

Lo
ss

Lo
ss

Training Step Training Step

• Use 1M ROIs, maximum 32 
pseudo tracks in ROI 

• 100k ROIs used for testing 
• Require pseudo tracks to have 

pT > 500 MeV, ROI , all sharing and noise hits allowed 

• Also regress track pT, ROI relative  and  

• Use a -dimensional latent space 
• Pixel and SCT hits fed through 40-layer transformer encoder 
• These are concatenated and fed through an 8-layer object decoder

|η | < 4
η ϕ

d = 256

https://indico.cern.ch/event/1480636/#32-ml-tracking-in-dense-enviro
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Tracking results
Tracking Efficiency
• Now beat reco on average

• Beats reco significantly at: 
• High pT (above ~ 10 GeV)
• High b-hadron pT (above ~500 GeV)
• In the jet core (small dphi/deta)
• Tracks with many shared hits
• High d0

• Does worse at:
• Low pT
• High eta
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Tracking Efficiency
• Now beat reco on average

• Beats reco significantly at: 
• High pT (above ~ 10 GeV)
• High b-hadron pT (above ~500 GeV)
• In the jet core (small dphi/deta)
• Tracks with many shared hits
• High d0

• Does worse at:
• Low pT
• High eta
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Tracking Efficiency
• Now beat reco on average

• Beats reco significantly at: 
• High pT (above ~ 10 GeV)
• High b-hadron pT (above ~500 GeV)
• In the jet core (small dphi/deta)
• Tracks with many shared hits
• High d0

• Does worse at:
• Low pT
• High eta

• Predicted tracks are uniquely 
matched to pseudo tracks to 
maximize overall TMP score 

• Matching requirement between 
predicted tracks and pseudo tracks 
is TMP >= 0.75 

• Efficiency: fraction of pseudo tracks that are correctly 
matched to a predicted track 

• Low-pT performance expected as we train on high-pT ROIs 
• “Shared tracks” refer to a given track with >=1 shared hit 
• Solid (dashed) lines show distributions for tracks with TMP > 0.9 (< 0.1)
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Tracking results (continued)
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Reminder: 
We are restricting ourselves to hadronic ROIs 
with pT > 150 GeV (which is why e.g. nominal 

reco fake rate is higher than typical plots)

• Fake rate: fraction of predicted tracks 
that are not matched to any pseudo track 

• Duplicate rate: fraction of predicted 
tracks that are matched to more than 
one pseudo track 

• Note: fake/duplicate rate plotted as a 
function of total ROI track pT to avoid 
caveats related to plots vs. predicted 
track pT 

• Slightly better fake rate than nominal 
reco, but significantly higher duplicate 
rate (sum of fake and duplicate rate 
similar)
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• Model handles sharing so implicitly 
replaces the pixel splitting network 

• Able to recover 
shared hits that 
are killed in the 
nominal 
reconstruction 
pipeline

Pixel splitting performance
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• Tracking underpins the entire reconstruction 
chain; improvements here directly benefit 
the entire ATLAS physics programme!  

• MaskFormer shows promising results in two 
distinct environments: full-event tracking 
and CTIDE 

• Next steps: 
• Integration into Athena/ACTS 
• Start looking into ITk samples 
• Improve model efficiency/capability 
• Integration with particle flow

Summary & Outlook
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http://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/PERF-2015-08/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2022-027/
https://acts.readthedocs.io/en/latest/tracking.html


Thank you! 
Merci! 

Questions?



9 May 2025 Sébastien Rettie | Nikhef ATLAS Weekly Meeting34

 

 

Score(track) = ∑
hits

Weight(hit)

Weights: Pixel = 10, SCT = 5, TRT = 1

TMP =
Score(track)

Score(truth)

Truth match probability (TMP)
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• Pseudo tracks (PT) are reconstructed 
with ideal pattern recognition, i.e. use 
truth information instead of pattern 
recognition and the ambiguity solver; 
correct clusters, reco hit positions 

• At the moment, PT are only available 
for extended Z’ sample, hence 
focusing on high-pT regime 

• Previous studies show PT greatly 
improve the GNN performance

Pseudo tracks
22 concepts & implementation

HIT Container <        >

PRD Container
+

PRD_MultiTruthCollection

(fast) digitization

Pseudo Tracking

<         ,                    >

<         ,                     >

TrackCollection <     >

build tracks from 
truth information 
+ inefficiencies,

manipulations, refit
A

B

C

D

E

A

B

AB E

Figure 9: Illustration of the concepts behind the truth track creation in the
ID. The idea behind the TT reconstruction is to directly create tra-
jectories using the truth association of the simulated hits. Track
uncertainties and inefficiencies caused by interaction of the parti-
cle with detector material are taken into account by the TT. First
all HITs from the simulation step are collected in a HIT container
(represented by the black arrows) which is feed into the digitiza-
tion. The resulting PRD (Prepared Raw Data) object is used by
the TT, along with the so called PRD MultiTruthCollection (which
contains truth information corresponding to the data in the PRD
object). It then builds the tracks from this input, applies the manip-
ulators and selectors, and finally refits the tracks to get the output
track collection. The tracks from particle A and B shall be recon-
structed, while the hit created by particle E (stemming from a ma-
terial interaction) would be a candidate for a possible fake hit in
the NT.

ing to effects seen in the standard reconstruction. The effects of these
two components are shown in Figure 10.

The most important applied manipulation is the creation of holes
in the Pixel and SCT detector. A hole is defined as an active detector
module where a hit is expected by following the trajectory, but not
found. It is the first hint of inefficiencies in the pattern recognition. A
parametrization of the ’hole-probability’ is implemented for both de-
tector components based on the probability distributions measured
from reconstructed events. In addition to having holes this is impor-
tant to later achieve fitted trajectories of similar quality. The track se-
lector implements the same cuts which are applied during NT. A very
basic cut is the requirement of a minimum transverse momentum pT ,
which is implemented quite easily. To do this the reconstructed pT

value of NT is just approximated with the one estimated from the
truth hits. The selector also emulates cuts on the impact parameter,
a measure of the closest approach of the particle to the primary ver-
tex, by using a simple method of approximating the resulting impact

CERN-THESIS-2013-194

http://cdsweb.cern.ch/record/1625231/files/CERN-THESIS-2013-194.pdf

