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Recent progress in AI & machine learning
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Recent progress in AI & machine learning
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Natural language processing
- Transformers

Image generation
- Diffusion models

Dall-E

Improve constraints on  PDFs

EIC simulations
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Neural networks
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Nonlinear activation function

weights bias

Build up a complex function by adding many neurons & layers

4 parameters:

Feed forward neural network
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Neural networks
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•Backpropagation (chain rule)

• Stochastic gradient descent

•Up to ~billion parameters

Can be trained efficiently with
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Neural networks
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•Convolutional neural networks
•RG flow

•Stochastic nodes e.g. Bayesian NNs, 
diffusion models
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Inference

Classification
Regression

Generative
modeling

Anomaly
detection

Reinforce-
ment
learning

…
Machine
learning
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Parametrization of PDFs
• Flexible functional form
•Minimize associated biases
•NNPDF Collaboration
•Extractions from lattice QCD

see Pavel Nadolsky’s talk

2203.05506
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Jet physics & Machine learning
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•  Various jet classifiers have been developed

•Typically ML significantly outperformed 
traditional observables

•Event-by-event information vs. low-
dimensional observables

u d s c g
q

Fig. Komiske, Metodiev, Schwartz
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Jet physics & Machine learning

10

•  Various jet classifiers have been developed

•Example: Quark vs. gluon jet classification

•Quantify using a ROC curve
u d s c g

Gallicchio, Schwartz
Komiske, Metodiev, Thaler `19

be
tte

r
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Traditional observable

AI/ML
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EIC & RHIC jets
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Transverse 
momentum

Particle #

5

FIG. 1. Illustration of the jet production processes considered in this work. Left: High-Q2 electron-proton scattering. At leading
order, the final state consists of the scattered electron and a single jet originating from di�erent quark flavors. Right: Low-Q2

photoproduction, where we include both the direct and the resolved contribution. At leading order, the final state consists of
the scattered electron in the forward direction close to the beam axis and a di-jet pair, which can be initiated by both quarks
and gluons. In both cases, the transverse momentum of the jets is measured relative to the beam axis in the laboratory frame.

say fi
+, we expect

⁄ 1

0
dz

1
H

‹(3)
1,fi+/u(z) + H

‹(3)
1,fi+/d(z)

2
¥ 0 . (7)

As the flavor of the jet corresponds to the flavor of the frag-
menting parton, up to higher order corrections in QCD,
this cancellation is relevant when we consider for example
the distribution of identified hadrons inside jets [66–70].
In particular, one can study azimuthal asymmetries that
involve the correlation of the transversity PDF and the
Collins fragmentation function of the hadron inside the
jet [71, 72]. Therefore, in order to avoid the cancellation
in Eq. (7), we propose that a machine learned classifier
can be used to tag the flavor of the observed jet. More-
over, recently Refs. [73, 74] proposed to measure spin
asymmetries similar to the Collins asymmetry directly
using jets instead of identified hadrons. Analogous sum
rules as in Eq. (6) apply that are expected to lead to
small spin asymmetries. In order to address this problem,
Refs. [73, 74] proposed the use of the jet charge as an
additional measurement, which avoids large cancellations
between di�erent quark flavors. Here we also propose that
the use of machine learning-based classification of the jet
flavor can enhance the size of the asymmetry compared
to more traditional observables.

We expect that various other measurements and science
goals of the EIC and RHIC will greatly benefit from
machine learned classifiers that can identify the jet flavor
or the hard-scattering event. While some of them will be
discussed in this work, we leave more detailed quantitative
studies of the following topics for future work:

• Quark flavor and quark vs. gluon jet identification
can help to improve the sensitivity to the longitudi-
nally polarized gluon distribution �g. In particular,
it may be possible to distinguish the positive and
negative solutions for �g that were found in recent
global analyses [75]. See also Refs. [76–80] for recent
discussions and experimental results.

• Quark vs. gluon jet classification may help to im-
prove measurements of the gluon Sivers function at
RHIC and the future EIC [64, 81].

• The techniques discussed here may also improve
searches of physics beyond the Standard Model at
the EIC [82–84]. For example, in Ref. [85] jet charge-
weighted TSSAs were proposed in this context.

• Exclusive / di�ractive processes involving jets can
provide constraints on GPDs and Wigner func-
tions [86–88]. We expect that machine learning
based classifiers may help to better pin down these
higher-dimensional parton distribution functions
along with knowledge about the exact kinematics
of the di-jet events [89, 90].

B. Maximizing the size of spin asymmetries

In the previous Section, we discussed several areas
where machine learning-based jet and event flavor tagging
can play an important role to support the EIC and RHIC
science programs. We implicitly adopted a “UV definition”
of the jet flavor. In this case, the flavor of a jet is defined
as the hard parton that initiates the jet and it can directly
be used in Monte Carlo event generators. The machine
learning algorithm is then trained to recover the assigned
flavor label from the IR physics, i.e. the hadrons that
make up the jet [91]. There are theoretical ambiguities
associated with this approach [16] and since the UV label
of the jet flavor is not accessible experimentally, machine
learning algorithms have to be trained on simulated data.
This definition has been widely used for machine learn-
ing studies of jet classification at the LHC and various
approaches have been developed to minimize the biases
of this approach. For example, data-driven methods [92]
and weakly supervised learning [93] have been introduced,
which are tailored toward the physics goals at the LHC.

In the spin physics context, we propose an alternative
approach to directly train the machine learning algorithms

u, d, s, c . . .

pT,jet > 10 GeV

•PYTHIA6 
Particle
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(pTi, ⌘i,�i,PIDi)

•Relatively low particle multiplicities 
at the EIC

•Note: Not limited to jets
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Machine learning setup
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• Particle Flow Networks
see Komiske, Metodiev, Thaler JHEP 01 (2019) 121

Permutation invariant Deep Sets

Classifier

•Binary classification tasks

<latexit sha1_base64="SQqGTwSzqfiT9Y5UkJr7+2fCz3A="></latexit>

f(p1, . . . , pM ) = F

✓ MX

i=1

�(pi)

◆

Lee, Mulligan, Ploskon, FR, Yuan `22

Neural 
networks

•Possible improvements: Graph neural networks, transformers
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Example: strange jet identification
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better Significant gain with machine learning!

Quantifies total information content
Motivates further theory efforts
Soft particles, tracking & PID important
Impact on EIC detector?

https://zenodo.org/record/7538810#.Y8RcaS-B2gQ  

11

FIG. 7. ROC curve (left) and PR curve (right) for ud vs s jet flavor tagging using the jet charge and PFNs for jets with p
jet
T > 10

GeV and pT,particle > 0.1 GeV. We consider several variations of the input to the PFN, providing either PID information for all
particles, charge information for all particles, or neither. All curves are constructed from particles with a decay length c· > 1
cm (in which the weakly-decaying strange hadrons K

0
S , �0

, �0
, �≠

, �±
, �≠ and their associated antiparticles are undecayed),

except the curve labeled c· > 10 cm, which is constructed from particles with a decay length c· > 10 cm (in which the above
weakly-decaying strange hadrons are decayed). The dashed black lines correspond to a random classifier.

B. Out-of-jet information

The motivation of machine learned-jet classification
at the EIC and RHIC is quite di�erent compared to
the LHC. For example, at the LHC di-jet reference pro-
cesses can be used as calibration and the resulting classi-
fier can be applied to identify jets in multi-jet events to
search for physics beyond the Standard Model. Instead,
at RHIC and the EIC the focus will be on improving for
example measurements of spin asymmetries as discussed
above or to improve constraints on cold nuclear matter
e�ects. Therefore, at RHIC and the EIC, the classifier
does not need to be limited to the particles inside the
identified jet. We note that event-wide information was
also used in classification studies at the LHC, see for ex-
ample Refs. [126, 127]. In this Section, we investigate how
the performance can be improved by not only making use
of the particles inside the jet but also out-of-jet particles
to classify the jet flavor, as shown in Figure 3. While we
have used a relatively large jet radius R = 1.0 in these
studies, this choice is somewhat arbitrary and neglects
the role of large-angle radiation and correlations across
the entire event. We therefore compare the performance
of a PFN supplied with only in-jet particles to that of a
PFN supplied with both in-jet and out-of-jet particles.

Figure 6 shows the results of this comparison. We
show the comparison for two di�erent minimum pT,particle
thresholds, 0.1 GeV and 0.4 GeV. We find that the di�er-
ence between the in-jet classifier and the in-jet + out-of-
jet classifier is significant for the case pT,particle > 0.1
GeV, whereas the di�erence is almost negligible for
pT,particle > 0.4 GeV. This suggests that the soft out-
of-jet particles play a significant role in boosting the
classification performance – despite that the soft in-jet

particles had little impact (see Figure 5). This motivates
further study of the origin and role of out-of-jet radiation,
since our results suggest it can provide a significant boost
in jet (or event) flavor tagging performance. In Section V
we will revisit the role of out-of-jet particles in order to
classify the underlying hard process of the event.

C. Strange and charm

We now turn to the identification of strange- and charm-
quark initiated jets. Since strange- and charm-initiated
jets are considerably more rare than up- or down-initiated
jets (for our kinematics, the relative u :d :s :c ratios are
approximately 33:5 :1 :2), we quantify the classification
performance using both the ROC curve and the precision-
recall curve. In fact, strange jets are even more rare than
charm jets, since despite that the proton PDF contains a
larger quantity of strange than charm, the overall cross
section for charm is larger due to its larger electric charge.

Strange and charm jets also di�er from up and down
jets in that strange and charm hadrons have limited decay
lifetimes. In the case of strange quarks, there are a
variety of weakly decaying strange hadrons with lifetimes
1 cm < c· < 10 cm (namely K

0
S , �0

, �0
, �≠

, �±
, �≠

and their associated antiparticles) which therefore decay
on a length scale comparable to the size of the innermost
tracking layers of collider experiments [128]. We therefore
will contrast the classification performance depending
on whether the PFN is provided the undecayed strange
hadrons or only the decay products of these hadrons. In
the case of charm quarks, on the other hand, all charm
hadrons decay with lifetimes much shorter than c· = 1
cm, and cannot be directly detected by experiments but
rather must be reconstructed using the invariant mass of

Data & code available

better

Lee, Mulligan, Ploskon, FR, Yuan `22

https://zenodo.org/record/7538810#.Y8RcaS-B2gQ
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ML trained on event-by-event data

14

•Can we directly train on data?
•Enhance spin asymmetries

Burkardt sum rule `04

Fatemi EINN `19, Liu DNP `19
Lee, Mulligan, Ploskon, FR, Yuan `22

Can potentially obtain better constraints on spin PDFs

•Train classifier on jets in collisions with 
different initial proton spin effectively



F. Ringer EINN2023 Cyprus November 3, 2023

Generative modeling

15

High quality
samples

Fast 
sampling

Mode 
coverage

•Generative Adversarial Networks

•Variational Autoencoders

•Normalizing Flows

•Diffusion Models

Stable
training
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Normalizing flows for lattice field theory

16

• Sampling of lattice gauge field 
configurations

• Multi-modal distributions

• Asymptotically exact with 
additional accept/reject step U(1) & extended to QCD

Shanahan et al

Invertible map with 
tractable Jacobian

Applications to multi-loop integrals see Butter et al.
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Simulating electron-proton scattering events
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• Full      events at <latexit sha1_base64="XTL3yZmTalDFTx6xCn0gRlYw0Kc=">AAACAHicbVDJSgNBEO1xjXEb9eDBy2AQPIUZictFCHrQYwSzQGYIPZ1K0qRnsbtGDMN48Fe8eFDEq5/hzb+xsxw08UHB470qqur5seAKbfvbmJtfWFxazq3kV9fWNzbNre2aihLJoMoiEcmGTxUIHkIVOQpoxBJo4Auo+/3LoV+/B6l4FN7iIAYvoN2QdzijqKWWueuqO4mpys4d+/jRRXjA9ApqWcss2EV7BGuWOBNSIBNUWuaX245YEkCITFClmo4do5dSiZwJyPJuoiCmrE+70NQ0pAEoLx09kFkHWmlbnUjqCtEaqb8nUhooNQh83RlQ7Klpbyj+5zUT7Jx5KQ/jBCFk40WdRFgYWcM0rDaXwFAMNKFMcn2rxXpUUoY6s7wOwZl+eZbUjorOSbF0UyqULyZx5Mge2SeHxCGnpEyuSYVUCSMZeSav5M14Ml6Md+Nj3DpnTGZ2yB8Ynz/dHpaX</latexit>p
s = 105 GeV

<latexit sha1_base64="LjIxk0LaoBXdsiANRvxVH+GRLUY=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF49V7Ae0oWy2k3bpZhN2N0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0gEm/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfumUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+xmXSWpQssWiMBXExGT2NhlwhcyIiSWUKW5vJWxEFWXGhlOyIXjLL6+S1kXVu6zW7muV+k0eRxFO4BTOwYMrqMMdNKAJDEJ4hld4c8bOi/PufCxaC04+cwx/4Hz+AJtzjWw=</latexit>ep

•Development of MC event generators

•Searches of BSM physics

•Event-level data analysis

Develop a generative model

<latexit sha1_base64="XJirqEvzZ1IEdHXDlLc03KG9sXY=">AAAB+HicbVDLSgNBEJyNrxgfWfXoZTEInsKuBPUkQQ96TMA8IFnC7KQ3GTL7YKZXjEv8ES8eFPHqp3jzb5wke9DEgoaiqpvuLi8WXKFtfxu5ldW19Y38ZmFre2e3aO7tN1WUSAYNFolItj2qQPAQGshRQDuWQANPQMsbXU/91j1IxaPwDscxuAEdhNznjKKWemaxfunYT12EB0xvoDnpmSW7bM9gLRMnIyWSodYzv7r9iCUBhMgEVarj2DG6KZXImYBJoZsoiCkb0QF0NA1pAMpNZ4dPrGOt9C0/krpCtGbq74mUBkqNA093BhSHatGbiv95nQT9CzflYZwghGy+yE+EhZE1TcHqcwkMxVgTyiTXt1psSCVlqLMq6BCcxZeXSfO07JyVK/VKqXqVxZEnh+SInBCHnJMquSU10iCMJOSZvJI349F4Md6Nj3lrzshmDsgfGJ8/N+OS0w==</latexit>

Q > 10 GeV
<latexit sha1_base64="hQMH2pSK9iBQMafEOklNbrexF5c=">AAAB+nicbVBNS8NAEN34WetXqkcvi0XwICWRoj0WvXisYD+gDWWz3bRLN5uwO1FD7E/x4kERr/4Sb/4bt20O2vpg4PHeDDPz/FhwDY7zba2srq1vbBa2its7u3v7dumgpaNEUdakkYhUxyeaCS5ZEzgI1okVI6EvWNsfX0/99j1TmkfyDtKYeSEZSh5wSsBIfbvUA/YImmaNFEac1M4mfbvsVJwZ8DJxc1JGORp9+6s3iGgSMglUEK27rhODlxEFnAo2KfYSzWJCx2TIuoZKEjLtZbPTJ/jEKAMcRMqUBDxTf09kJNQ6DX3TGRIY6UVvKv7ndRMIal7GZZwAk3S+KEgEhghPc8ADrhgFkRpCqOLmVkxHRBEKJq2iCcFdfHmZtM4r7kWlelst16/yOAroCB2jU+SiS1RHN6iBmoiiB/SMXtGb9WS9WO/Wx7x1xcpnDtEfWJ8/ceOUIA==</latexit>

Pythia8,

Devlin, Qiu, FR, Sato `23
see also Mikuni, Nachman et al.
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Diffusion models

18

<latexit sha1_base64="RERmxkeFMnk9fPtGl0jexPTgHSk=">AAACBXicbVA9SwNBEN2LXzF+RS21WAyCYgx3ElSwCbFQsFExRsglYW8ziYt7H+zOieFIY+NfsbFQxNb/YOe/cRNTaPTBwOO9GWbmeZEUGm3700qNjU9MTqWnMzOzc/ML2cWlSx3GikOFhzJUVx7TIEUAFRQo4SpSwHxPQtW7Oez71VtQWoTBBXYjqPusE4i24AyN1MyuupFobOUpNLbzJ40t98BFuMNk4/yovNlrZnN2wR6A/iXOkOTIEKfN7IfbCnnsQ4BcMq1rjh1hPWEKBZfQy7ixhojxG9aBmqEB80HXk8EXPbpulBZth8pUgHSg/pxImK911/dMp8/wWo96ffE/rxZje7+eiCCKEQL+vagdS4oh7UdCW0IBR9k1hHElzK2UXzPFOJrgMiYEZ/Tlv+Ryp+DsFopnxVypPIwjTVbIGtkgDtkjJXJMTkmFcHJPHskzebEerCfr1Xr7bk1Zw5ll8gvW+xdtgpai</latexit>

⇡+, e�,K+ (RGB)

•Represent events as images (pixelated)

•Markovian noising process

adding Gaussian noise

Devlin, Qiu, FR, Sato `23

<latexit sha1_base64="hQMH2pSK9iBQMafEOklNbrexF5c=">AAAB+nicbVBNS8NAEN34WetXqkcvi0XwICWRoj0WvXisYD+gDWWz3bRLN5uwO1FD7E/x4kERr/4Sb/4bt20O2vpg4PHeDDPz/FhwDY7zba2srq1vbBa2its7u3v7dumgpaNEUdakkYhUxyeaCS5ZEzgI1okVI6EvWNsfX0/99j1TmkfyDtKYeSEZSh5wSsBIfbvUA/YImmaNFEac1M4mfbvsVJwZ8DJxc1JGORp9+6s3iGgSMglUEK27rhODlxEFnAo2KfYSzWJCx2TIuoZKEjLtZbPTJ/jEKAMcRMqUBDxTf09kJNQ6DX3TGRIY6UVvKv7ndRMIal7GZZwAk3S+KEgEhghPc8ADrhgFkRpCqOLmVkxHRBEKJq2iCcFdfHmZtM4r7kWlelst16/yOAroCB2jU+SiS1RHN6iBmoiiB/SMXtGb9WS9WO/Wx7x1xcpnDtEfWJ8/ceOUIA==</latexit>

Pythia8,
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Diffusion models

19

<latexit sha1_base64="RERmxkeFMnk9fPtGl0jexPTgHSk=">AAACBXicbVA9SwNBEN2LXzF+RS21WAyCYgx3ElSwCbFQsFExRsglYW8ziYt7H+zOieFIY+NfsbFQxNb/YOe/cRNTaPTBwOO9GWbmeZEUGm3700qNjU9MTqWnMzOzc/ML2cWlSx3GikOFhzJUVx7TIEUAFRQo4SpSwHxPQtW7Oez71VtQWoTBBXYjqPusE4i24AyN1MyuupFobOUpNLbzJ40t98BFuMNk4/yovNlrZnN2wR6A/iXOkOTIEKfN7IfbCnnsQ4BcMq1rjh1hPWEKBZfQy7ixhojxG9aBmqEB80HXk8EXPbpulBZth8pUgHSg/pxImK911/dMp8/wWo96ffE/rxZje7+eiCCKEQL+vagdS4oh7UdCW0IBR9k1hHElzK2UXzPFOJrgMiYEZ/Tlv+Ryp+DsFopnxVypPIwjTVbIGtkgDtkjJXJMTkmFcHJPHskzebEerCfr1Xr7bk1Zw5ll8gvW+xdtgpai</latexit>

⇡+, e�,K+ (RGB)

•Represent events as images (pixelated)

•Learn denoising process

Train convolutional U-Net
Devlin, Qiu, FR, Sato `23

Stochastic differential 
equation in continuum limit
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Simulating electron-proton scattering events

20

Devlin, Qiu, FR, Sato `23

• Momentum variable

• Sparse data

with 
<latexit sha1_base64="B2QwsORO8tbfVzzZdWVWBvu+xII=">AAACCXicbVDLSgMxFM34rPU16tJNsAiuykwp6rLoxmUF+4BOGTLpbRuaZMYkU6hDt278FTcuFHHrH7jzb0wfC209cOFwzr3JvSdKONPG876dldW19Y3N3FZ+e2d3b989OKzrOFUUajTmsWpGRANnEmqGGQ7NRAEREYdGNLie+I0hKM1ieWdGCbQF6UnWZZQYK4UuDnQqwowFTOIsUALDEKQZjx9CFnC4x6XQLXhFbwq8TPw5KaA5qqH7FXRimgr7DOVE65bvJaadEWUY5TDOB6mGhNAB6UHLUkkE6HY2vWSMT63Swd1Y2ZIGT9XfExkRWo9EZDsFMX296E3E/7xWarqX7YzJJDUg6eyjbsqxifEkFtxhCqjhI0sIVczuimmfKEKNDS9vQ/AXT14m9VLRPy+Wb8uFytU8jhw6RifoDPnoAlXQDaqiGqLoET2jV/TmPDkvzrvzMWtdceYzR+gPnM8fwbeaXw==</latexit> X

i2event

zi  2

Event-wide momentum 
conservation

Use suitable rescaling

• Steeply falling distributions
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Simulating electron-proton scattering events
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Devlin, Qiu, FR, Sato `23
• Momentum & angular distributions

• Momentum sum rule

<latexit sha1_base64="B2QwsORO8tbfVzzZdWVWBvu+xII=">AAACCXicbVDLSgMxFM34rPU16tJNsAiuykwp6rLoxmUF+4BOGTLpbRuaZMYkU6hDt278FTcuFHHrH7jzb0wfC209cOFwzr3JvSdKONPG876dldW19Y3N3FZ+e2d3b989OKzrOFUUajTmsWpGRANnEmqGGQ7NRAEREYdGNLie+I0hKM1ieWdGCbQF6UnWZZQYK4UuDnQqwowFTOIsUALDEKQZjx9CFnC4x6XQLXhFbwq8TPw5KaA5qqH7FXRimgr7DOVE65bvJaadEWUY5TDOB6mGhNAB6UHLUkkE6HY2vWSMT63Swd1Y2ZIGT9XfExkRWo9EZDsFMX296E3E/7xWarqX7YzJJDUg6eyjbsqxifEkFtxhCqjhI0sIVczuimmfKEKNDS9vQ/AXT14m9VLRPy+Wb8uFytU8jhw6RifoDPnoAlXQDaqiGqLoET2jV/TmPDkvzrvzMWtdceYzR+gPnM8fwbeaXw==</latexit> X

i2event

zi  2

Event-wide constraint 
learned by the model
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Simulating electron-proton scattering events
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Devlin, Qiu, FR, Sato `23
• Momentum & angular distributions

• DIS kinematics
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MCMC sampling with diffusion models
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Hunt-Smith, Melnitchouk, FR, Sato, Thomas, White `23

• Assist Metropolis-Hastings algorithm

• Iteratively train diffusion model on obtained 
samples

Gaussian proposal 
function
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• Interleave chain with global proposal function 
from the diffusion model

MCMC sampling with diffusion models

24

Hunt-Smith, Melnitchouk, FR, Sato, Thomas, White `23

• Assist Metropolis-Hastings algorithm

• Example: 2d Himmelblau function

• Iteratively train diffusion model on obtained 
samples

Gaussian proposal 
function
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MCMC sampling with diffusion models
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Hunt-Smith, Melnitchouk, FR, Sato, Thomas, White `23
Gabrie, Rotskoff, Vanden-Eijnden `21, `22

see also Yamauchi et al. `23

Acceptance rate

Diffusion model Normalizing flow

10d Gaussian mixture

Additionally, it 
requires probability 
for accept/reject step
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Bayesian posterior sampling

26

• Analysis of (toy) PDFs

• Likelikhood

Fast convergence of diffusion 
model-assisted MCMC Hunt-Smith, Melnitchouk, FR, Sato, Thomas, White `23
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Conclusions & outlook

•Various new applications of AI in fundamental physics

•Classification, regression, generative modeling

•Also multi-loop integrals, sign problems, nuclear structure etc.

•Physics-inspired learning theory

•EFTs for neural networks
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Hadron structure & spin physics

28

•How can we apply these techniques to hadron structure & spin physics?

•Reformulate regression task as 
classification problem

e.g.

1.   Supervised machine learning

2.   Train on data

Upper limit on what can possibly be achieved

Identify new observables

Lee, Mulligan, Ploskon, FR, Yuan `22
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Example: quark vs. gluon scattering
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Significant gain with machine learning!

Quantifies total information content
Motivates further theory efforts
Soft particles, tracking & PID important
Impact on EIC detector?

https://zenodo.org/record/7538810#.Y8RcaS-B2gQ  

Data & code available

better

Lee, Mulligan, Ploskon, FR, Yuan `22

Photoproduction region

https://zenodo.org/record/7538810#.Y8RcaS-B2gQ
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Jet classification & IRC safety

30

•Can we make use of all this 
additional information?

•Several jet classification tasks are 
IRC safe          we can find tractable 
observables in pQCD

•Recluster particles into IRC-safe 
subjets before training ML algorithms

Athanasakos, Larkoski, Mulligan, Ploskon, FR `23
Metodiev, Larkoski `19

Matches IRC-unsafe ML algorithm


