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CMS: “All analyses show improvements exceeding luminosity gain”

ATLAS: “Improvements in sensitivity no longer come only from larger datasets”
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multiplicity18,19. The majority of b-jets also contain a tertiary vertex
from the decay of the c-hadron produced in the b-hadron decay.

The traditional flavour-tagging algorithms developed by the
ATLAS Collaboration are based on a two-stage approach4,5,20. In the
first step, specialised low-level algorithms employ complementary
approaches to extract information from the trajectories of the
charged-particle constituents (‘tracks’) associated with the jet. These
specialised algorithms either rely on the properties of individual tracks
or leverage their correlations with properties of other tracks to expli-
citly reconstruct displaced vertices. In the second step, the outputs of
low-level algorithms are subsequently combined in a high-level mul-
tivariate classifier to maximise performance. The most recent algo-
rithm employed by the ATLAS Collaboration, following this paradigm,
is a deep neural network (DL1d) that leverages a low-level track-based
algorithm (DIPS)21 based on Deep Sets22. DL1d has already improved
the performance by a factor of 1.3 relative to the most advanced
algorithm used in published Run-2 physics analyses5.

The introduction of graph neural networks for object recon-
struction in particle physics experiments23 prompted a shift in the
design strategy of the ATLAS Collaboration. This led to the devel-
opment of the General Network (GN) series of flavour-tagging algo-
rithms, which directly process track and jet information and are
trained using target labels extracted from Monte Carlo (MC) simu-
lation. In parallel, the CMS Collaboration followed a similar trajec-
tory, evolving from two-stage approaches24,25 to unified, end-to-end
network architectures26–28.

The ATLAS GN tagger uses jet flavour prediction as its primary
training target and introduces auxiliary training objectives to recon-
struct the internal structure of a jet by grouping tracks originating
from a common vertex and by predicting the underlying physics
process from which each track originated. Such physics domain
knowledge is embedded in a combined loss function that enables a
simultaneous optimisation, instead of relying on manually optimised
low-level algorithms. This flexible structure allows the swift re-tuning
of the algorithms to suit alternativeexperimental conditions or physics
goals. A demonstrator version, GN1, achieves the above design goals
using a graph-neural-network29, while the deployment version, GN2,
applies a single transformer model30, illustrated in Fig. 1. Details of the

algorithm architectures are summarised in the ‘Methods’ section,
together with descriptions of the ATLAS detector, simulation samples,
physics objects, and analysis strategies.

GN2 achieves a remarkable performance boost compared with
theDL1d algorithm, with improvements by a factor of 1.5-4 observed in
its major experimental applications. The deployment of GN2 should
greatly enhance the physics reach of ATLAS in flagship analyses, such
as the search for Higgs pair production and the c-quark Yukawa cou-
pling measurement, for which the projected sensitivity at the High
Luminosity LHC is improved by up to 30%31. These improvements do
not comewith a strongdependence on the choice and configurationof
theMC event generator, and are confirmed bymeasured performance
in recorded collisions. The innovative auxiliary training objectives
bring excellent interpretability and opens up new avenues for future
applications.

To facilitate future developments and strengthen the connections
between collider experiments and the broader scientific research
community, a subset of the training sample with all the required
information to train GN2 can be acquired via the CERN Open Data
Portal32,33.

Results
Algorithm performance in simulation
The performance of a b-tagging algorithm is evaluated based on its
ability to reject c-, τ- and light-jets while maintaining a desired b-jet
tagging efficiency. Similarly, the c-tagging performance is assessed by
its capability to distinguish c-jets from the other jet flavours. The data
samples used for training and evaluation of the model must contain
jets from all flavour classes. This is achieved using jets sampled from a
mixture of simulated top quark pair (tt) and Z 0 events, where the latter
sample considers a hypothetical heavy BSM particle, Z 034, which can
decay into pairs of b-quarks, c-quarks, τ-leptons or light quarks, to
populate jets in the TeV regime. The samples are simulated with MC
event generators at centre-of-mass energies of both
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= 13:6TeV. All simulated events are processed through the ATLAS
detector simulation35 based on GEANT436–38. Further details on the
simulation samples and the jet flavour labelling are discussed in the
‘Methods’ section. A mixture of samples generated at
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Fig. 1 | Illustration of the GN2 algorithm with jet and track input variables,
discriminatingbetween jetflavours by exploiting secondary vertices andother
properties stemming from the displaced decays of b-hadrons, in the
transverse plane. The jet features are copied for each track associated with the
jet. The combined vectors are then fed into a per-track initialisation network,

followed by a transformer encoder and a global representation of the jet. njf (ntf)
corresponds to the number of jet (track) features. The pooled jet representation
and output track embeddings are provided as inputs to the three task-specific
networks. Details of the GN2 architecture are summarised in the ‘Methods’
section.
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Object reconstruction and identification
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From Run 1 to Run 3, continuous progress in Machine 
Learning algorithms for object reconstruction, identification, 
and more:
- Impressive progress in reconstruction/identification: Jet 

flavour tagging, tau reconstruction, identification of jets in 
boosted topologies


- Technology ported at trigger level and bringing large 
improvements


- By now we use global classifiers, targeting several tasks in 
addition: jet charge identification, energy or mass regression, 
etc.


- Work appearing on the particle-flow, clustering, etc.

Evolution of algorithms from Run 1 to Run 3

CMS-BTV 23

Figure 11: Evolution of the b-tagging 
performance for identification algorithms used 
in CMS from Run 1 to Run 3 [4,5,6,7,18,19]. The 
increase in object performance follows the 
progression in machine learning. The underlying 
network architecture for each algorithm is given 
in the brackets, together with the era when the 
algorithm was first used in physics analyses. 
The figure shows the approximate performance 
and has to be considered illustrative.

- 1 to 2 orders of magnitude in 
background rejection at fixed b-jet 

efficiency, from Run 1 to Run 3
“A unified approach for jet tagging in Run 

3 at sqrt(s)=13.6 TeV in CMS,“ CMS 
DP-2024/066

- Charge of jets can be identified even 
without leptons

“Identification of the charge of heavy-
flavour jets using transformers with the 

ATLAS experiment,“ ATL-PHYS-
PUB-2026-005



Improving background modeling and signal 
extraction
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“Search for new scalars via X→SH→bbbb in proton-
proton collisions at sqrt(s)=13 TeV with the ATLAS 

detector,“ arXiv:2607.18484

- Non-closure uncertainty reduced by x2 wrt 

previous techniques 

- Multiple NN architecture + other 
improvements: 20% improvement when 

scaled to Run2 luminosity 
“Search for nonresonant HH production in 

the bbττ final state in proton-proton 
collisions at √s = 13.6 TeV“ CMS 

HIG-25-008
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Figure 4: Overview of the event categorisation scheme. The MVA produces multiclass, binary, and two auxiliary
classification outputs, optimised jointly via the combined loss function. Events are assigned to one of three orthogonal
signal regions (SR VBF, SR Lo, SR Hi) based on the categorisation score (cat and the reconstructed <�� . For the
ghadghad channel, the DBT and DTT events in the delayed stream are designed to enter only SR Lo.

sensitivity to anomalous values of ^2+ . Together, SR Hi and SR Lo span the full range of ggF ��

production kinematics, where SR Hi provides the dominant contribution to the sensitivity to the SM ��

production cross-section and SR Lo provides complementary sensitivity to anomalous values of ^_.

8 Systematic uncertainties

The dominant source of uncertainty is the limited size of the available collision dataset. Systematic
uncertainties provide a subdominant contribution to the total uncertainty and can be broadly categorised
into three groups: experimental uncertainties, theoretical uncertainties related to the simulated signal
and background processes, and uncertainties related to the estimation of the fake-ghad backgrounds. The
estimation of these uncertainties builds upon the methodology outlined in Refs. [41, 43] and is briefly
summarised below. Unless otherwise specified, uncertainties are treated as correlated across channels and
uncorrelated across data-taking periods.

8.1 Experimental uncertainties

Several sources of experimental uncertainty are considered, with those related to jets and ghad candidates
being dominant. Jet-related uncertainties arise from the energy scale and resolution [119], and the efficiency
of the JVT algorithm [99]. A dedicated uncertainty arising from the energy calibration of 1-jets is also
included. As Run 2 data are used to calibrate the jet energy scale and resolution for the Run 3 simulation,

19

Improvement in physics analysis techniques
- Adversarial training, normalising flows, multi-variable reweighing for data-driven background 

modelling

- Event classification for signal extraction: multi-class classifiers neural networks: from DNN to GNNs, 

and by now transformers

Classification with a multi-target transformer in

ATLAS Run2 + early Run 3 HH→bb𝛕𝛕, arXiv:2607.26879



Transformers and scaling laws
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Evolution of algorithms from Run 1 to Run 3

25

Figure 13: Evolution of the 
light- (udsg, yellow bars) 
and c-jet (red bars) 
rejection for a fixed b-jet 
identification efficiency of 
70% for taggers from Run 1 
to Run 3. The BvsAll 
discriminator is used to 
derive all numbers but the 
last one, where the 
weighted BvsAll 
discriminator with a factor 
of kc = 0.14 is used, yielding 
a good trade-off between 
light- and c-jet rejection.

5 Physics impact and TN25-86M

The impact of scaling on flavor-tagging performance is quantified by translating the loss values into jet
classification performance on a top-quark pair (CC̄) sample, as enumerated in [7] and briefly summarized
here. Considering our primary jets of interest as 1-jets, we fix the 1-tagging efficiency at 77% and
evaluate the mis-classification efficiency for background jets from charm (2), up and down (D3), gluon
(6), strange (B), and hadronic gs (g). We then evaluate the background rejection, which is the inverse of
the mistagging efficiency (so higher is better). As discussed in Section 3, jet datasets are generated a
priori at a fixed size, after which network optimization and training are performed, leaving considerable
surplus training-compute resources, generally utilized through repeated training on the same data. We
thus follow the loss-optimal trajectory (Section 3.2) when scaling model and dataset size, which implies
training until the validation loss reaches its minimum and selecting the model checkpoint corresponding to
that epoch. Figure 7 shows the dependence of background rejection as both dataset and model sizes are
scaled, highlighting the joint dependence of performance on data and model capacity.

Figure 7: Background rejection at 77% 1-jet efficiency as a function of loss for different jet flavors (2, D3, 6, B and
g). The dashed line represents an empirical exponential fit capturing the asymptotic improvement with scale. The
right-hand axis maps each loss level to the corresponding model and dataset sizes (# ,⇡) along the data-constrained
loss-optimal trajectory, indicating the resource requirements needed to reach a given physics performance. This figure
quantifies how scaling both data and model capacity drives systematic gains in flavor-tagging discrimination power.
Billion-parameter architectures trained on trillions of jets, are expected to yield order-of-magnitude improvements
in background jets rejection. This trend eventually reaches the performance floor (gray band) determined by the
current set of input features. Points marked with a star indicate TN25-86M, an optimally-sized model with 86 million
parameters trained on a 7.7 billion jets dataset.

The dashed lines represent an empirical fit of the form '(!) =
�
� 4⌫!

+ ⇠
�
. While this functional form is

purely empirical, it captures the trend at large dataset and model size. The right axis indicates the model and
dataset sizes required to achieve a given loss, and thus a corresponding level of background rejection, under
the loss-optimal regime. Notably, while scaling laws predict how raw performance increases with scale,
post-calibration performance on real data may be partially reduced [7]. At the same time, software and
resource limitations make model size a critical factor for current operational deployment, though ongoing
developments in Inference-as-a-Service (IaaS)-based frameworks are expected to ease these constraints.
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“A unified approach for jet tagging in Run 
3 at sqrt(s)=13.6 TeV in CMS,“ CMS 

DP-2024/066 “Carpe Datum: Scaling behavior of transformers for heavy hadron 
flavor identification,“ ATL-SOFT-PUB-2026-002

- Progresses arising from the NN architecture (GNN, Transformers), 
choice of inputs, but not only


- Transformers are becoming ubiquitous: excellent performance, 
relatively easy to train, scalable


- Employing lower level inputs is a key (from identification to low-
level reconstruction?)


- Scalability: In order to get the best of the selected architecture, 
large datasets and number of parameters are neededThe previously derived loss-optimal scaling laws (Section 3.2) are used to predict the optimal size of the

TN25-86M2 model for a training on the full 7.7 billion jets dataset. Given that the flavor fractions and sample
composition of this large training dataset is different than the one used for deriving the expected rejections
(Section 2), TN25-86M is compared to a model, called TN25-12M, trained on the same dataset at current
flavor taggers scale, that is 12M parameters on 417M jets. The resulting relative improvement shown in
Figure 8 is consistent with the expected scaling-law behavior, as also illustrated by the extrapolated ROC
curves in Figure 9 in the Appendix. The TN25-86M training, performed on 160 NVIDIA A100 GPUs,
required approximately 4 ⇥ 1020 FLOPs. Notably, the ability to increase compute is once again limited by
available training data, as further training would cause the validation loss to increase.

(a) (b)

Figure 8: Background rejection of TN25-86M, an optimal 86M parameter tagger trained on 7.7 Billion jets, compared
to TN25-12M (12M parameters) trained on 417M jets for tagging 1-jets (a) and 2-jets (b) originating from CC̄ simulated
events. The ratio panels show the performance improvement obtained by pure scaling, with the curves indicating
the relative gain over a baseline model trained at current scales. The shaded bands around the curves indicate the
binomial uncertainty associated with the measurement.

Simply increasing scale, moving to billion-parameter architectures trained on trillions of jets, is expected to
yield order-of-magnitude improvements in the rejection of all background jet flavors. This trend eventually
reaches the performance floor (gray band in Figure 7) determined by the current set of input features;
beyond that point, further gains will require incorporating lower-level inputs into the flavor tagger. While
architectural and feature-level innovations play an essential role in improving performance, one of the
critical property of a given architecture is the ability to scale efficiently with increasing data and compute.
Ultimately, given a scalable architecture and a set of input features, the dominant driver of jet-tagging
performance is scale itself, achieved through larger models and datasets, highlighting the importance of
designing architectures that sustain efficient scaling behavior across downstream tasks.

2
TN labels the Transformer architecture, 25 designates the 2025 iteration, and 86M specifies the model’s parameters.
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- This example shows the 
improvement obtained by a 
x20 larger dataset and a 
transformer with 7x more 
parameters



Discussion


