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PHYSTAT Workshop Theme:  Interpretability
Recalling the PHYSTAT emphasis on the statistical issues involved

Thursday Morning Talks:Tuesday Poster Session:

Let me know if I missed your poster!

Sorry I won’t be there 
for the discussion!

What does it really mean for ML to be “Interpretable”?
(or explainable, trustworthy, safe, robust, aligned, helpful, transparent, …)

Obligatory apology that examples in this talk are heavily drawn from my own research in collider physics
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What does it really mean for ML to be “Interpretable”?
(or explainable, trustworthy, safe, robust, aligned, helpful, transparent, …)

The desire for human interpretability often arises when we 
imperfectly specify the task we want to accomplish

We should strive towards actionable goals for interpretability, e.g.:

My evolving perspective:

1.  Qualitatively assess sources of systematic uncertainties 
2.  Identify low-rank structures in high-dimensional datasets
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There is the probably apocryphal story of a ML classifier 
learning to distinguish cats from dogs because in the training 
sample, all the cats were photographed curled up on living 
room couches, while the dogs were running outdoors in fields.

How do we ensure that the distinction between, say, signal and 
background is based on significant features in the data, rather 
than on the particular way that soft particles are simulated?  

Can interpretability help us diagnose this?  

Interpretability Discussion Prompts from Indico (1 of 2)

ChatGPT 4o:  “Draw a picture related to this prompt”

Actionable Goal: Qualitatively Assess Sources of Systematic Uncertainties
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Just as we would not expect a 10-year-old to understand how a 
single hidden layer NN works, why should a very sophisticated 
ML procedure be interpretable by a mere human Physicist? 

Is it important for our methods to be interpretable, or it is 
enough just to check out their properties?

Is interpretability becoming an unrealistic goal?

(And what is the point of fundamental physics anyways?)

Identify Low-Rank Structures in High-Dimensional DatasetsActionable Goal:

Interpretability Discussion Prompts from Indico (2 of 2)

ChatGPT 4o:  “Draw a picture related to this prompt”



To benefit from machine learning advances, we must ensure 
that our algorithmic choices align with our scientific goals

When possible, pursue active interpretability, where you 
control the network architecture and training paradigm

Foundation models identify generically useful features, 
which challenge the importance of task alignment

Confronting the Black Box

Case Study in Jet Classification

The Next Frontier for Interpretability
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[see e.g. Cranmer, Pavez, Louppe, arXiv 2015; D’Agnolo, Wulzer, PRD 2019;
simulation-based inference in Cranmer, Brehmer, Louppe, PNAS 2020;

relation to f-divergences in Nguyen, Wainwright, Jordan, AoS 2009; Nachman, Thaler, PRD 2021]

Learnable Function:

Training Data: Finite samples P and Q

Goal: Estimate p(x) / q(x)

f(x) parametrized by, e.g., neural networks 

Loss Function(al):  L = −

〈

log f(x)
〉

P
+

〈

f(x)− 1
〉

Q
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x

prob(x)

P
Q

Likelihood Ratio Trick
Key example of simulation-based inference

Many HEP problems can be 
expressed in this form!

https://arxiv.org/abs/1506.02169
https://arxiv.org/abs/1806.02350
https://arxiv.org/abs/1911.01429
https://arxiv.org/abs/math/0510521
https://arxiv.org/abs/2101.07263
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[see e.g. Cranmer, Pavez, Louppe, arXiv 2015; D’Agnolo, Wulzer, PRD 2019;
simulation-based inference in Cranmer, Brehmer, Louppe, PNAS 2020;

relation to f-divergences in Nguyen, Wainwright, Jordan, AoS 2009; Nachman, Thaler, PRD 2021]

Learnable Function:

Training Data: Finite samples P and Q

Goal: Estimate p(x) / q(x)

f(x) parametrized by, e.g., neural networks 

−min
f(x)

L =

∫
dx p(x) log

p(x)

q(x)
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Loss Function(al):  

Asymptotically:  

Kullback–Leibler divergence

argmin
f(x)

L =
p(x)

q(x)
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Likelihood ratio

L = −

〈

log f(x)
〉

P
+

〈

f(x)− 1
〉

Q
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Likelihood Ratio Trick
Key example of simulation-based inference

Many HEP problems can be 
expressed in this form!

https://arxiv.org/abs/1506.02169
https://arxiv.org/abs/1806.02350
https://arxiv.org/abs/1911.01429
https://arxiv.org/abs/math/0510521
https://arxiv.org/abs/2101.07263


Many HEP problems can be 
expressed in this form!Likelihood Ratio Trick

Key example of simulation-based inference

P
Q

12Jesse Thaler (MIT, IAIFI) — Interpretable Machine Learning for Particle Physics

[see e.g. Cranmer, Pavez, Louppe, arXiv 2015; D’Agnolo, Wulzer, PRD 2019;
simulation-based inference in Cranmer, Brehmer, Louppe, PNAS 2020;

relation to f-divergences in Nguyen, Wainwright, Jordan, AoS 2009; Nachman, Thaler, PRD 2021]

x

x

prob(x)

log r(x)

Asymptotically, same structure as Lagrangian mechanics!

Action:

Lagrangian:

Euler-Lagrange: Solution:

L =

∫
dxL(x)
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<latexit sha1_base64="7xwMYpS6lejwTNM/LMAnO42aG40=">AAACUHicbVDLSsQwFL0d3+NrfOzcBAfBhQyp+FwIg25cuFB0VJiWIc2kYzBNS5IKQ+mH+RvuXLkT/QN3mnYcfB4IOZxzw7k5QSK4Nhg/OpWR0bHxicmp6vTM7Nx8bWHxUsepoqxFYxGr64BoJrhk LcONYNeJYiQKBLsKbo8K/+qOKc1jeWH6CfMj0pM85JQYK3Vq516oCM28hCjDiUBeRMwNteQk/xIzrwxqq17gZ7ixjd39HXcDN3CJjaGSh3mODhDu1OpDD/0l7iepN5ehxGmn9ux1Y5pGTBoqiNZtFyfGz4p0Klhe9VLNEkJvSY+1LZUkYtrPyp1ytGaVLgpjZY80qFS/ v8hIpHU/Cuxk8Tf92yvE/7x2asI9P+MySQ2TdBAUpgKZGBVNoi5XjBrRt4RQxe2uiN4Q26axff9ICVlfRkletcW4v2v4Sy43Gy5uuGdb9ebhoCGYhBVYhXVwYReacAyn0AIK9/AEL/DqPDhvznvFGYwOb1iCH6hUPwCWxrGI</latexit><latexit sha1_base64="7xwMYpS6lejwTNM/LMAnO42aG40=">AAACUHicbVDLSsQwFL0d3+NrfOzcBAfBhQyp+FwIg25cuFB0VJiWIc2kYzBNS5IKQ+mH+RvuXLkT/QN3mnYcfB4IOZxzw7k5QSK4Nhg/OpWR0bHxicmp6vTM7Nx8bWHxUsepoqxFYxGr64BoJrhk LcONYNeJYiQKBLsKbo8K/+qOKc1jeWH6CfMj0pM85JQYK3Vq516oCM28hCjDiUBeRMwNteQk/xIzrwxqq17gZ7ixjd39HXcDN3CJjaGSh3mODhDu1OpDD/0l7iepN5ehxGmn9ux1Y5pGTBoqiNZtFyfGz4p0Klhe9VLNEkJvSY+1LZUkYtrPyp1ytGaVLgpjZY80qFS/ v8hIpHU/Cuxk8Tf92yvE/7x2asI9P+MySQ2TdBAUpgKZGBVNoi5XjBrRt4RQxe2uiN4Q26axff9ICVlfRkletcW4v2v4Sy43Gy5uuGdb9ebhoCGYhBVYhXVwYReacAyn0AIK9/AEL/DqPDhvznvFGYwOb1iCH6hUPwCWxrGI</latexit><latexit sha1_base64="7xwMYpS6lejwTNM/LMAnO42aG40=">AAACUHicbVDLSsQwFL0d3+NrfOzcBAfBhQyp+FwIg25cuFB0VJiWIc2kYzBNS5IKQ+mH+RvuXLkT/QN3mnYcfB4IOZxzw7k5QSK4Nhg/OpWR0bHxicmp6vTM7Nx8bWHxUsepoqxFYxGr64BoJrhk LcONYNeJYiQKBLsKbo8K/+qOKc1jeWH6CfMj0pM85JQYK3Vq516oCM28hCjDiUBeRMwNteQk/xIzrwxqq17gZ7ixjd39HXcDN3CJjaGSh3mODhDu1OpDD/0l7iepN5ehxGmn9ux1Y5pGTBoqiNZtFyfGz4p0Klhe9VLNEkJvSY+1LZUkYtrPyp1ytGaVLgpjZY80qFS/ v8hIpHU/Cuxk8Tf92yvE/7x2asI9P+MySQ2TdBAUpgKZGBVNoi5XjBrRt4RQxe2uiN4Q26axff9ICVlfRkletcW4v2v4Sy43Gy5uuGdb9ebhoCGYhBVYhXVwYReacAyn0AIK9/AEL/DqPDhvznvFGYwOb1iCH6hUPwCWxrGI</latexit><latexit sha1_base64="jTwafL38s4seBwJzgmInpAJbgnQ=">AAACUHicbVDLSgMxFL1T3/VVdekmWAQXpWTE50IQ3bhwoWhtoTOUTJqpwUxmSDJCGebD/A13rtyJ/oE7zdQWH/VAyOGcG87NCRLBtcH4ySlNTE5Nz8zOlecXFpeWKyurNzpOFWUNGotYtQKimeCS NQw3grUSxUgUCNYM7k4Lv3nPlOaxvDb9hPkR6UkeckqMlTqVKy9UhGZeQpThRCAvIuaWWnKef4uZNwhqq17gZ7i+i93DPbeG63iA2kjJwzxHRwh3KtWRh8aJOyRVGOKiU3nxujFNIyYNFUTrtosT42dFOhUsL3upZgmhd6TH2pZKEjHtZ4OdcrRplS4KY2WPNGig/nyR kUjrfhTYyeJv+q9XiP957dSEB37GZZIaJulXUJgKZGJUNIm6XDFqRN8SQhW3uyJ6S2ybxvb9KyVkfRkledkW4/6tYZzcbNddXHcvd6rHJ8OKZmEdNmALXNiHYziDC2gAhQd4hld4cx6dd+ej5HyNjm5Yg18olT8BHhqxNA==</latexit>

f(x) =
p(x)

q(x)
<latexit sha1_base64="quzVQzouxbo/tOnoZlw/ZCJVKpE=">AAACunicbVFdb9MwFHXC1ygwOuCNF4sKaZuqKg6lHxJIFfDAC2JIdJvURJXj3mRWHcfYDloV5V/w5/grPOGkm8Q6rmTp6NxzfL8SJbixQfDb8+/cvXf/wd7DzqPHT/afdg+enZqi1AzmrBCFPk+o AcElzC23As6VBponAs6S9ccmf/YTtOGF/G43CuKcZpKnnFHrqGX3V6eK2l8WOkviKhi8Dch0RPrBIGijf83U6eHlUY3f4yjVlFU7LqckZOsi41Hjmk4nIZnUqnHVu/LpZBQOR618TMLWF46Hb4b1j1a+7Pau6+PbgFyB3uwFauNkeeDtR6uClTlIywQ1ZkECZeOKasuZ gLoTlQYUZWuawcJBSXMwcdX2VOPXjlnhtNDuSYtb9l9HRXNjNnnilDm1F2Y315D/yy1Km07iiktVWpBsWygtBbYFbm6BV1wDs2LjAGWau14xu6BuvdZd7EaVFDYyV26OT+Dm0/DF1fqqQFNb6OMqojrL6WXt5s2ifoPcBsnuvm6D03BAggH5NuzNPmxXifbQS/QKHSKC xmiGPqMTNEcM/fGwd+Qd++/8xOf+eiv1vSvPc3QjfPsX+3PNaQ==</latexit><latexit sha1_base64="quzVQzouxbo/tOnoZlw/ZCJVKpE=">AAACunicbVFdb9MwFHXC1ygwOuCNF4sKaZuqKg6lHxJIFfDAC2JIdJvURJXj3mRWHcfYDloV5V/w5/grPOGkm8Q6rmTp6NxzfL8SJbixQfDb8+/cvXf/wd7DzqPHT/afdg+enZqi1AzmrBCFPk+o AcElzC23As6VBponAs6S9ccmf/YTtOGF/G43CuKcZpKnnFHrqGX3V6eK2l8WOkviKhi8Dch0RPrBIGijf83U6eHlUY3f4yjVlFU7LqckZOsi41Hjmk4nIZnUqnHVu/LpZBQOR618TMLWF46Hb4b1j1a+7Pau6+PbgFyB3uwFauNkeeDtR6uClTlIywQ1ZkECZeOKasuZ gLoTlQYUZWuawcJBSXMwcdX2VOPXjlnhtNDuSYtb9l9HRXNjNnnilDm1F2Y315D/yy1Km07iiktVWpBsWygtBbYFbm6BV1wDs2LjAGWau14xu6BuvdZd7EaVFDYyV26OT+Dm0/DF1fqqQFNb6OMqojrL6WXt5s2ifoPcBsnuvm6D03BAggH5NuzNPmxXifbQS/QKHSKC xmiGPqMTNEcM/fGwd+Qd++/8xOf+eiv1vSvPc3QjfPsX+3PNaQ==</latexit><latexit sha1_base64="quzVQzouxbo/tOnoZlw/ZCJVKpE=">AAACunicbVFdb9MwFHXC1ygwOuCNF4sKaZuqKg6lHxJIFfDAC2JIdJvURJXj3mRWHcfYDloV5V/w5/grPOGkm8Q6rmTp6NxzfL8SJbixQfDb8+/cvXf/wd7DzqPHT/afdg+enZqi1AzmrBCFPk+o AcElzC23As6VBponAs6S9ccmf/YTtOGF/G43CuKcZpKnnFHrqGX3V6eK2l8WOkviKhi8Dch0RPrBIGijf83U6eHlUY3f4yjVlFU7LqckZOsi41Hjmk4nIZnUqnHVu/LpZBQOR618TMLWF46Hb4b1j1a+7Pau6+PbgFyB3uwFauNkeeDtR6uClTlIywQ1ZkECZeOKasuZ gLoTlQYUZWuawcJBSXMwcdX2VOPXjlnhtNDuSYtb9l9HRXNjNnnilDm1F2Y315D/yy1Km07iiktVWpBsWygtBbYFbm6BV1wDs2LjAGWau14xu6BuvdZd7EaVFDYyV26OT+Dm0/DF1fqqQFNb6OMqojrL6WXt5s2ifoPcBsnuvm6D03BAggH5NuzNPmxXifbQS/QKHSKC xmiGPqMTNEcM/fGwd+Qd++/8xOf+eiv1vSvPc3QjfPsX+3PNaQ==</latexit><latexit sha1_base64="htVSx2ZZujuo2Hdt9ibMaWlHcBA=">AAACunicbVFdb9MwFHXC1yiwdfDIi0WFtE1VFYfSDwmkCXjgBTEkuk1qospxbzKrthNsB62K8i/4c/wVnnDSTmIdV7J0dO45vl9JIbixQfDb8+/df/Dw0d7jzpOnz/YPuofPz01eagYzlotcXybU gOAKZpZbAZeFBioTARfJ6mOTv/gJ2vBcfbfrAmJJM8VTzqh11KL7q1NF7S9znSVxFQzeBmQ6Iv1gELTRv2Hq9Oj6uMbvcZRqyqodl1MSsnGR8ahxTaeTkEzqonHVu/LpZBQOR618TMLWF46Hb4b1j1a+6PZu6uO7gGxBD23jbHHo7UfLnJUSlGWCGjMnQWHjimrLmYC6 E5UGCspWNIO5g4pKMHHV9lTj145Z4jTX7imLW/ZfR0WlMWuZOKWk9srs5hryf7l5adNJXHFVlBYU2xRKS4Ftjptb4CXXwKxYO0CZ5q5XzK6oW691F7tVJYW1koWb4xO4+TR8cbW+FqCpzfVJFVGdSXpdu3mzqN8gt0Gyu6+74DwckGBAvg17px+2u9xDL9ErdIQIGqNT 9BmdoRli6I+HvWPvxH/nJz73Vxup7209L9Ct8O1fdVPNFQ==</latexit>

L(x) = −p(x) log f(x) + q(x)
(

f(x)− 1
)

<latexit sha1_base64="K298pScNYU/Ys1xSLKz/x92RmiM=">AAAC33iclVFNT9wwFHQCben2g6X01ovVVaVFhZWdbvfjUGlVLhw4UKkLSJto5XidYOE4wXaAVZRzb1Wv/Wm99tDfgZOAVJZe+iRLo3kznqf3wkxwbRD65bhr648eP9l42nr2/MXLzfbWq2Od5oqy KU1Fqk5Dopngkk0NN4KdZoqRJBTsJDzfr/onl0xpnsqvZpmxICGx5BGnxFhq3v7tJ8ScUSKKw7J7vQM/wT1Y+PW/MxWHQYF6CCGM8W4F8HCALBiPRx4elTCzjhL6Io1XPR8RHg8aT1W7d0wZ1Zb3q/rxaOD1B7V+iL3a6A37H/rlRRMR8rj7nxl7ENe+nXm7c6eBDwG+ BZ3Ja1DX0bz9x1+kNE+YNFQQrWcYZSYoiDKcCla2/FyzjNBzErOZhZIkTAdFPVsJ31lmAaNU2ScNrNm/HQVJtF4moVVWm9ervYr8V2+Wm2gUFFxmuWGSNkFRLqBJYXVYuOCKUSOWFhCquJ0V0jOiCDX2/PdSIraUSVa27GLw6hoegmOvh1EPf+l3Jp+bDYEN8Aa8BV2A wRBMwAE4AlNAnQNHOlfOtUvcb+5390cjdZ1bzza4V+7PG+VC1Jw=</latexit><latexit sha1_base64="K298pScNYU/Ys1xSLKz/x92RmiM=">AAAC33iclVFNT9wwFHQCben2g6X01ovVVaVFhZWdbvfjUGlVLhw4UKkLSJto5XidYOE4wXaAVZRzb1Wv/Wm99tDfgZOAVJZe+iRLo3kznqf3wkxwbRD65bhr648eP9l42nr2/MXLzfbWq2Od5oqy KU1Fqk5Dopngkk0NN4KdZoqRJBTsJDzfr/onl0xpnsqvZpmxICGx5BGnxFhq3v7tJ8ScUSKKw7J7vQM/wT1Y+PW/MxWHQYF6CCGM8W4F8HCALBiPRx4elTCzjhL6Io1XPR8RHg8aT1W7d0wZ1Zb3q/rxaOD1B7V+iL3a6A37H/rlRRMR8rj7nxl7ENe+nXm7c6eBDwG+ BZ3Ja1DX0bz9x1+kNE+YNFQQrWcYZSYoiDKcCla2/FyzjNBzErOZhZIkTAdFPVsJ31lmAaNU2ScNrNm/HQVJtF4moVVWm9ervYr8V2+Wm2gUFFxmuWGSNkFRLqBJYXVYuOCKUSOWFhCquJ0V0jOiCDX2/PdSIraUSVa27GLw6hoegmOvh1EPf+l3Jp+bDYEN8Aa8BV2A wRBMwAE4AlNAnQNHOlfOtUvcb+5390cjdZ1bzza4V+7PG+VC1Jw=</latexit><latexit sha1_base64="K298pScNYU/Ys1xSLKz/x92RmiM=">AAAC33iclVFNT9wwFHQCben2g6X01ovVVaVFhZWdbvfjUGlVLhw4UKkLSJto5XidYOE4wXaAVZRzb1Wv/Wm99tDfgZOAVJZe+iRLo3kznqf3wkxwbRD65bhr648eP9l42nr2/MXLzfbWq2Od5oqy KU1Fqk5Dopngkk0NN4KdZoqRJBTsJDzfr/onl0xpnsqvZpmxICGx5BGnxFhq3v7tJ8ScUSKKw7J7vQM/wT1Y+PW/MxWHQYF6CCGM8W4F8HCALBiPRx4elTCzjhL6Io1XPR8RHg8aT1W7d0wZ1Zb3q/rxaOD1B7V+iL3a6A37H/rlRRMR8rj7nxl7ENe+nXm7c6eBDwG+ BZ3Ja1DX0bz9x1+kNE+YNFQQrWcYZSYoiDKcCla2/FyzjNBzErOZhZIkTAdFPVsJ31lmAaNU2ScNrNm/HQVJtF4moVVWm9ervYr8V2+Wm2gUFFxmuWGSNkFRLqBJYXVYuOCKUSOWFhCquJ0V0jOiCDX2/PdSIraUSVa27GLw6hoegmOvh1EPf+l3Jp+bDYEN8Aa8BV2A wRBMwAE4AlNAnQNHOlfOtUvcb+5390cjdZ1bzza4V+7PG+VC1Jw=</latexit><latexit sha1_base64="CIzs/gC4UpWwhuj1TBR+6hF4fYI=">AAAC33iclVHPT9swGHUyGKywrWPHXaxVSEWDys66/jhMQuPCYQcmrYDURJXjOsHCcYLtMKoo592mXfen7cqBvwMnLRIULnySpaf3vef36fvCTHBtEPrvuC9WVl+urb9qbGy+fvO2+W7rWKe5omxE U5Gq05BoJrhkI8ONYKeZYiQJBTsJzw+q/sklU5qn8qeZZSxISCx5xCkxlpo0r/2EmDNKRPG9bF/twK9wDxZ+/e9YxWFQoA5CCGO8WwHc7yELhsOBhwclzKyjhL5I42XPF4SHvbmnqt07poxqy6dl/XDQ87q9Wt/HXm30+t3P3fJiHhHyuP3MjD2Ia9/OpNm608DHAC9A CyzqaNK88acpzRMmDRVE6zFGmQkKogyngpUNP9csI/ScxGxsoSQJ00FRz1bCbctMYZQq+6SBNXvfUZBE61kSWmW1eb3cq8ineuPcRIOg4DLLDZN0HhTlApoUVoeFU64YNWJmAaGK21khPSOKUGPP/yAlYjOZZGXDLgYvr+ExOPY6GHXwj25r/9tiRevgA/gI2gCDPtgH h+AIjAB1Dh3p/HKuXOL+dv+4f+dS11l43oMH5f67BWyW1Eg=</latexit>

Requires shift in focus from solving problems to specifying problems

https://arxiv.org/abs/1506.02169
https://arxiv.org/abs/1806.02350
https://arxiv.org/abs/1911.01429
https://arxiv.org/abs/math/0510521
https://arxiv.org/abs/2101.07263
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“What is the machine learning?”

For this loss function, an estimate of the likelihood ratio 
derived from sampled data and regularized by the 

network architecture and training paradigm
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“What is the machine learning?”

“But I want to understand what it has learned!”

Do you really expect the 
likelihood ratio to take on a 

particularly nice functional form?

“…”

N.B. QFT calculations 
often involve special 

functions that have no 
elementary representation 

For this loss function, an estimate of the likelihood ratio 
derived from sampled data and regularized by the 

network architecture and training paradigm
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Why might we want ML to be “Interpretable”?
Or explainable, trustworthy, safe, robust, aligned, helpful, transparent, …

Could be working in non-asymptotic regime
Training data might be biased in some way
Result could depend on poorly modeled features
Limited ability to perform independent validation

Need for compact symbolic expressions
Desire to generalize away from specific context
…

Scientific Reasons: 

Sociological Reasons: Skeptical of algorithmic/statistical/computational reasoning
Need to explain decisions to external stakeholders

Desire to manage risks from unforeseen outcomes
…

All valid reasons, but suggest imperfect specification of our initial goals!
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Likelihood Ratio Trick in HEP Apologies that examples 
are all from my own work

Detector Unfolding Resolution EstimationMonte Carlo Reweighting

For these applications, goal is “accuracy” more than “interpretability”
Ask me offline why I think standard methods to assess accuracy, quantify uncertainties, and validate results are incomplete

Simulation

Sy
nt

he
ti

c
N

at
ur

al

Detector-level

Data

Particle-level

Generation

Truth

Pull Weights

Push Weights

Step 1: 
Reweight Sim. to Data

Step 2: 
Reweight Gen.

νn−1

ωn

−−→ νn
<latexit sha1_base64="USI/aHUkKNmen4gwHqyTXZ7rTGs=">AAACJ3icdVDdShtBGP1W+6Npral615vBUCgFl10bkngX6I2XFhoVsiHMTr5NBudnmZltG5Z9B1/DF/DWvoF3opfe+BydbFqo0h4YOJxzPr75TpoLbl0U3QUrq8+ev3i5tt549XrjzWbz7dax1YVhOGBaaHOaUouCKxw47gSe5gapTAWepGefF/7JNzSWa/XVzXMcSTpVPOOMOi+Nmx8TVYxLtRdXJPlh+HTmqDH6e5loiVPqncobdaQaN1tRuN/51I07JArb7YO40/Wk24kO2j0Sh1GNVn8HahyNmw/JRLNConJMUGuHcZS7UUmN40xg1UgKizllZ3SKQ08VlWhHZX1TRd57 ZUIybfxTjtTq3xMlldbOZeqTkrqZfeotxH95w8JlvVHJVV44VGy5KCsEcZosCiITbpA5MfeEMsP9XwmbUUOZ8zU+2pLhXMm8avhi/lxP/k+O98M4CuMv7Va/t2wI1uAd7MIHiKELfTiEIxgAg3O4hCv4GVwE18FNcLuMrgS/Z7bhEYL7X/gNqFY=</latexit><latexit sha1_base64="USI/aHUkKNmen4gwHqyTXZ7rTGs=">AAACJ3icdVDdShtBGP1W+6Npral615vBUCgFl10bkngX6I2XFhoVsiHMTr5NBudnmZltG5Z9B1/DF/DWvoF3opfe+BydbFqo0h4YOJxzPr75TpoLbl0U3QUrq8+ev3i5tt549XrjzWbz7dax1YVhOGBaaHOaUouCKxw47gSe5gapTAWepGefF/7JNzSWa/XVzXMcSTpVPOOMOi+Nmx8TVYxLtRdXJPlh+HTmqDH6e5loiVPqncobdaQaN1tRuN/51I07JArb7YO40/Wk24kO2j0Sh1GNVn8HahyNmw/JRLNConJMUGuHcZS7UUmN40xg1UgKizllZ3SKQ08VlWhHZX1TRd57 ZUIybfxTjtTq3xMlldbOZeqTkrqZfeotxH95w8JlvVHJVV44VGy5KCsEcZosCiITbpA5MfeEMsP9XwmbUUOZ8zU+2pLhXMm8avhi/lxP/k+O98M4CuMv7Va/t2wI1uAd7MIHiKELfTiEIxgAg3O4hCv4GVwE18FNcLuMrgS/Z7bhEYL7X/gNqFY=</latexit><latexit sha1_base64="USI/aHUkKNmen4gwHqyTXZ7rTGs=">AAACJ3icdVDdShtBGP1W+6Npral615vBUCgFl10bkngX6I2XFhoVsiHMTr5NBudnmZltG5Z9B1/DF/DWvoF3opfe+BydbFqo0h4YOJxzPr75TpoLbl0U3QUrq8+ev3i5tt549XrjzWbz7dax1YVhOGBaaHOaUouCKxw47gSe5gapTAWepGefF/7JNzSWa/XVzXMcSTpVPOOMOi+Nmx8TVYxLtRdXJPlh+HTmqDH6e5loiVPqncobdaQaN1tRuN/51I07JArb7YO40/Wk24kO2j0Sh1GNVn8HahyNmw/JRLNConJMUGuHcZS7UUmN40xg1UgKizllZ3SKQ08VlWhHZX1TRd57 ZUIybfxTjtTq3xMlldbOZeqTkrqZfeotxH95w8JlvVHJVV44VGy5KCsEcZosCiITbpA5MfeEMsP9XwmbUUOZ8zU+2pLhXMm8avhi/lxP/k+O98M4CuMv7Va/t2wI1uAd7MIHiKELfTiEIxgAg3O4hCv4GVwE18FNcLuMrgS/Z7bhEYL7X/gNqFY=</latexit><latexit sha1_base64="aANR4xqa5G8N4A3PGP5I4W3UWFE=">AAACJ3icdVDdShtBGJ21tmpsa6yX3gwGQYQuuxqSeCd446UF8wPZEGYn3yaD87PMzKrLsu/Q1+gL9La+gXeil73xOZxsItTSHhg4nHM+vvlOnHJmbBA8eSvvVt9/WFvfqG1+/PR5q779pWdUpil0qeJKD2JigDMJXcssh0GqgYiYQz++Opv7/WvQhil5afMURoJMJUsYJdZJ4/phJLNxIb+GJY5uNZvOLNFa3RSREjAlzimdUUXKcb0R+Eet43bYwoHfbJ6ErbYj7VZw0uzg0A8qNNASF+P6czRRNBMgLeXEmGEYpHZUEG0Z5VDWosxASugVmcLQUUkEmFFR3VTifadMcKK0 e9LiSv1zoiDCmFzELimInZm/vbn4L2+Y2aQzKphMMwuSLhYlGcdW4XlBeMI0UMtzRwjVzP0V0xnRhFpX45stCeRSpGXNFfN6Pf4/6R35YeCH35qN086yonW0i/bQAQpRG52ic3SBuoii7+gn+oXuvB/evffgPS6iK95yZge9gff7BX9hqAI=</latexit>

νn−1

Data
−−−→ ωn

<latexit sha1_base64="IV5Rkcz2AJeiGq38yKsp/wTcRwM="></latexit><latexit sha1_base64="IV5Rkcz2AJeiGq38yKsp/wTcRwM="></latexit><latexit sha1_base64="IV5Rkcz2AJeiGq38yKsp/wTcRwM="></latexit><latexit sha1_base64="i+iM1Y2AuIdG+9czSK1qRLZgOsY="></latexit>

[Andreassen, Komiske, Metodiev, Nachman, 
JDT, PRL 2020; + Suresh, ICLR SimDL 2021]

[Nachman, JDT, PRD 2020; inspired by 
Andersen, Gutschow, Maier, Prestel, EPJC 2020]

[Gambhir, Nachman, JDT, PRL 2022, PRD 2022]

[ ̂σ
2
z(x)]ij = − [∂

2T (x , z)

∂zi ∂zj ]−1

z= ̂z

https://arxiv.org/abs/1911.09107
https://arxiv.org/abs/2105.04448
https://arxiv.org/abs/2007.11586
https://arxiv.org/abs/2005.09375
https://arxiv.org/abs/2205.03413
https://arxiv.org/abs/2205.05084
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Are “Formal Specifications” Human Interpretable?
Case study in planning with signal temporal logic

[Siu, Leahy, Mann, SERC 2024; h/t Dave Kaiser]

“Is this a valid solution?”

“Are you confident?”

…and experts are
overconfident

Humans are relatively
incompetent…

Lesson:  Formal validity is a distinct goal from human verifiability

Capture 

the Flag: 

https://doi.org/10.21428/2c646de5.9e0237cb
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The HEP Definition of “Interpretability”?

[HEPML-LivingReview, moderated by Nachman, Feickert, Krause, Winterhalder]

Categorization from 
Living Review of ML
for Particle Physics

Would authors of these 
papers agree that this is 
a goal of their methods?

Do these methods provide 
quantitative or qualitative 

assessment of uncertainties?

https://iml-wg.github.io/HEPML-LivingReview/
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For fundamental physics, what actionable goals 
do we want to achieve through interpretability…?

…and are those goals statistically sound?
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߮௫
߮௫

Interpretability as Uncertainty Quantification
E.g. SHapley Additive exPlanations (SHAP)

Explicit Goal: 

Identify features
driving decisions 
about classification

Implicit Goal: 

Verify that these 
features are 
physically relevant

[Grojean, Paul, Qian, Strümke, Nature Reviews Physics 2022]

Actionable Goal: Qualitatively Assess Sources of Systematic Uncertainties

https://arxiv.org/abs/2203.08021
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Interpretability as Knowledge Distillation
E.g. modeling nuclear binding energies

Cf. Semi-Empirical
Mass Formula

[Weizsäcker, 1935]

454 C.F.v. Wei~s~cker, 

kinetische Energie n~therungsweise proportional zu (Z + N -- 1) sein mul~, 

da wegen der Abseparierung der Sehwerpunktsbewegung nur 3. (Z + N -- 1) 

unabh~ngige Freiheitsgrade fiir die Teilchenbewegung im Kern vorhanden 

sind (oder anders gesagt, da man im Ausdruek Mv~/2 nieht die wirkliche, 

sondern die ,,reduzierte Masse" der Teilehen einsetzen mul3). Wir setzen 

also E o ,~ (Z + N- 1) 2/3 und erhalten als Sehlui3formel ftir die Gesamt- 

energ]e : 

+ (-2-f ~)[iZ+ N--~)--r(Z+N--1) ~] 

+ro(Z+N)'13 Z+N ) --\2] J" " 
Die Konstanten ~, fl, y, (~, r o wurden nun auf zwei Wegen bestimmt. 

Methode 1. Die Energien der geradzahligen leiehten Kerne wer4en 

zugrunde gelegt. ~ wird vernaehl~ssigt, r o witlkiirlieh gleich 0,45 gew~hlt 

(w~re c[ie Diehte in den Kernen konstant, so wiirde aus den effektiven 

Radien der ~-Strahler etwa r o = 0,5 folgen), e = ]/~ + f12 __~ and ~, 

werden aus 4er Bedingung bestimmt, 4a13 die Energien yon C~ ~ und O~ ~ 

genau dargestellt werden sollen. Eine zweite Beziehung zwisehen ~ un4 fl 

[die ,,Breite" 4er ttyperbel (44)] lielert die Bedingung, die Bindungsenergie 

yon C~ ~ solle etwas geringer sein als die empirische Bindungsenergie yon ~4. 

Der Vergleich der theoretisehen Energien der iibrigen leiehten Kerne [der 

geradzahligen nach (51), der ungeradzahligen nach 4er linearen Interpolation 

yon w 4] zeigt, dal~ nur geringe naehtr~gliehe Anderungen der gewonnenen 

trod fl notwendig sind. Die Ergebnisse sin4 in Tabelle 4 und 5 und in 

Fig. 3 angegeben. 

Tabelle 3. Konstanten in (51). 

Nach Methode I. Nach Methode II. 

= 1,6 ~ ~ 2,6 
fl = 13,9 fl = 18,4 

y ~ 0,6 y ~ 1,07 

(~ = O) ~ = 1,1 

r o= 0,45 to= 0,42 

Methode 11. Die Z/N-Werte (die ,,Rinne") und die Packungsanteile 

der sehweren Kerne werden zugrunde gelegt. Zur Abkiirztmg der Rechnung 

wurden o~ und fl aus dem rohen Wert s = 16, der sieh in w 8 ergab (Tabelle 2) 

und aus der Bedingung E (C~ 4) ~ E (N17 ~) yon vornherein festgelegt. 7, (~ 

und r o wurden bestimmt aus den Massendefekten yon O~ 6 und ngso'~ 200 nach 

(51) und aus der Bedingung 

O E (SO, 1~0)\ 
~(2-----~ / = O, (59) 

Latent Space Topography

[Kitouni, Nolte, Trifinopoulos, Kantamneni, Williams, ICML 2023;
[Kitouni, Nolte, Pérez-Díaz, Trifinopoulos, Williams, ICML 2024]

Symbolic Regression

[Munoz, Udrescu, Garcia Ruiz, arXiv 2024; see also 
Cranmer, Sanchez-Gonzalez, Battaglia, Xu, Cranmer, Spergel, Ho, NeurIPS 2020]

Model Order Obtained Function

1
(

Z
N + Z −

1.06N
Z

)

(

I

(

32.4−
3√AN
Z

)

+ 16.7
)

2 3.42(Z − 14.6)
(

3
√

A− 2.19I − 4.38
)

(I − 0.110 log(A)) + δ − P + 0.301

3 −2.02e−0.40γZγNP−(0.040Z)Z + 2.99 · 0.867(N−Z)2
− 0.426P (log(Z)− 3.30) + I

4 A
2/3

e
−A2/3+Z1.10

−Z
I log

(

Z
N

)

+ 0.634eA
2/3+ 3√A−N + 0.290γNγZ + 0.246

5 (0.0000154)PA
2P
3

(

P (N − Z)2 +N
) (

0.0000154(N − 1)2 + P
)

6 γN (1−γZ)
N − exp

((

3
√

A−
Z
N − 1.21

)(

2(P + 0.108)
(

P
3√A

− P
N
)

− γZ(1− γN )− Z
N − 0.426

))

7 1.35I
(

(0.324− I)
(

−
Z
N − 1.78

) (

4.30N
Z − 0.111

(

A+ e
P
))

− P + 1.35I
)

8 (−0.801γN (1−γZ) + 0.570P − 2I)(−0.112 + (A− (N − Z)2 + AN
Z )0.801N )

9 9.20 · 10−23
· 1330A

1
3 (−1.97 + γN (−1 + γZ)− γZ + P )(−1330 +N

2
− 2NZ + Z

2)(−670 +N
2
− 2NZ + Z

2)

10 3.02 exp

(

−1.91P 1.94
(

Z
N

)A2/3

− 0.895e−0.227N
N

2
− 0.0268(N − 1)2

)

Human Machinevs.
N = neutron number
 Z = proton number
 A = atomic mass
   I = isospin asymmetry
  P = Casten factor

Actionable Goal: Identify Low-Rank Structures in High-Dimensional Datasets

https://doi.org/10.1007/BF01337700
https://arxiv.org/abs/2306.06099
https://arxiv.org/abs/2405.17425
https://arxiv.org/abs/2404.11477
https://arxiv.org/abs/2006.11287


To benefit from machine learning advances, we must ensure 
that our algorithmic choices align with our scientific goals

When possible, pursue active interpretability, where you 
control the network architecture and training paradigm

Foundation models identify generically useful features, 
which challenge the importance of task alignment

Confronting the Black Box

Case Study in Jet Classification

The Next Frontier for Interpretability

Jesse Thaler (MIT, IAIFI) — Interpretable Machine Learning for Particle Physics 22
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The More Things Change…
Jet classification, from talks I was giving in 2019

 17Jesse Thaler — Deep Learning (and Deep Thinking) in Collider Physics

Binary Classification

vs.
Quark Gluon

Find such that
Quark

Gluon
h

( )
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(Neyman-Pearson lemma)
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e.g.

Classifier1 0

Signal Background

assuming trustable
training data

Application of Likelihood Ratio Trick Interpretability in Machine Learning

(see backup for
detailed architecture)

[Komiske, Metodiev, JDT, 1810.05165;
special case of Zaheer, Kottur, Ravanbakhsh, Poczos, Salakhutdinov, Smola, 1703.06114]
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Introducing Energy Flow Networks
An architecture designed for interpretability

Latent space of dim ℓ

Flexible enough to describe any* IRC-safe observable
(assuming large enough ℓ)

Linear weights

Va

(

J
)

=
∑

i∈J

pTi Φa(yi,φi)

<latexit sha1_base64="HsL7Sfpton7VFt2lQgRSQET3wfs="></latexit><latexit sha1_base64="HsL7Sfpton7VFt2lQgRSQET3wfs="></latexit><latexit sha1_base64="HsL7Sfpton7VFt2lQgRSQET3wfs="></latexit><latexit sha1_base64="jLPEAcocFvVkW2ASyIGvYb+47+Y="></latexit>

S
(

J
)

= F
(

V1, V2, . . . , Vℓ

)

<latexit sha1_base64="CLDgcpZzt8LjDFfYB3vgYAEsbYs=">AAADCXiclVLdihMxFM6Mf2tX3a56502wCLtQSjJuu7MXQlEQ8WpF213oDCWTZrphM5khyQhlyBP4At7qG3gn3voUvoDPYWa6gp2K4IHAxznfd87Jx0kKwbVB6IfnX7t+4+atndud3Tt37+119+9P dV4qyiY0F7k6T4hmgks2MdwIdl4oRrJEsLPk8kVdP3vPlOa5fGdWBYszspQ85ZQYl5rve7tV1HSZqWUSV2gwCo9HI9RHgyDAJ3joAMLDcHhk39oo4csD2OKjJvpbwEYZMReUiOq1tbCWHsJn8GXTo9XiaYBxuNFiGITBychO59j22wP/wQ4cOxKL3Oj/UUVMiOZvh/Nu7zcBbgN8BXrjh6CJ03n3Z7TIaZkxaaggWs8wKkxcEWU4Fcx2olKzgtBLsmQzByXJmI6rZjELn7jMAqa5ck8a2GT/VFQk03qVJY5ZW6nbtTr5t9qsNGkYV1wWpWGSrgelpYAmh/UJwAVXjBqxcoBQxd2ukF4QRahxh7IxJWUrmRW244zBbRu2wTQYYDTAb4564+drh8AO eAQegwOAwTEYg1fgFEwA9ZT30fvkffY/+F/8r/63NdX3rjQPwEb4338BDDHi8Q==</latexit><latexit sha1_base64="CLDgcpZzt8LjDFfYB3vgYAEsbYs=">AAADCXiclVLdihMxFM6Mf2tX3a56502wCLtQSjJuu7MXQlEQ8WpF213oDCWTZrphM5khyQhlyBP4At7qG3gn3voUvoDPYWa6gp2K4IHAxznfd87Jx0kKwbVB6IfnX7t+4+atndud3Tt37+119+9P dV4qyiY0F7k6T4hmgks2MdwIdl4oRrJEsLPk8kVdP3vPlOa5fGdWBYszspQ85ZQYl5rve7tV1HSZqWUSV2gwCo9HI9RHgyDAJ3joAMLDcHhk39oo4csD2OKjJvpbwEYZMReUiOq1tbCWHsJn8GXTo9XiaYBxuNFiGITBychO59j22wP/wQ4cOxKL3Oj/UUVMiOZvh/Nu7zcBbgN8BXrjh6CJ03n3Z7TIaZkxaaggWs8wKkxcEWU4Fcx2olKzgtBLsmQzByXJmI6rZjELn7jMAqa5ck8a2GT/VFQk03qVJY5ZW6nbtTr5t9qsNGkYV1wWpWGSrgelpYAmh/UJwAVXjBqxcoBQxd2ukF4QRahxh7IxJWUrmRW244zBbRu2wTQYYDTAb4564+drh8AO eAQegwOAwTEYg1fgFEwA9ZT30fvkffY/+F/8r/63NdX3rjQPwEb4338BDDHi8Q==</latexit><latexit sha1_base64="CLDgcpZzt8LjDFfYB3vgYAEsbYs=">AAADCXiclVLdihMxFM6Mf2tX3a56502wCLtQSjJuu7MXQlEQ8WpF213oDCWTZrphM5khyQhlyBP4At7qG3gn3voUvoDPYWa6gp2K4IHAxznfd87Jx0kKwbVB6IfnX7t+4+atndud3Tt37+119+9P dV4qyiY0F7k6T4hmgks2MdwIdl4oRrJEsLPk8kVdP3vPlOa5fGdWBYszspQ85ZQYl5rve7tV1HSZqWUSV2gwCo9HI9RHgyDAJ3joAMLDcHhk39oo4csD2OKjJvpbwEYZMReUiOq1tbCWHsJn8GXTo9XiaYBxuNFiGITBychO59j22wP/wQ4cOxKL3Oj/UUVMiOZvh/Nu7zcBbgN8BXrjh6CJ03n3Z7TIaZkxaaggWs8wKkxcEWU4Fcx2olKzgtBLsmQzByXJmI6rZjELn7jMAqa5ck8a2GT/VFQk03qVJY5ZW6nbtTr5t9qsNGkYV1wWpWGSrgelpYAmh/UJwAVXjBqxcoBQxd2ukF4QRahxh7IxJWUrmRW244zBbRu2wTQYYDTAb4564+drh8AO eAQegwOAwTEYg1fgFEwA9ZT30fvkffY/+F/8r/63NdX3rjQPwEb4338BDDHi8Q==</latexit><latexit sha1_base64="m/9yOAvQkiM1IzQxy4IXGAhHNgk=">AAADCXiclVLdatswFJa9vy7dT7pd7kYsDFoIQfKa1L0YlA7G2FXHlrQQmyArcioqy0aSB8HoCfYCu23foHdjt3uKvcCeY7KbweKMwQ4IPs75vnOOPk5SCK4NQj88/9btO3fvbd3vbD94+Ohxd+fJ ROelomxMc5Grs4RoJrhkY8ONYGeFYiRLBDtNLl7X9dNPTGmey49mWbA4IwvJU06JcanZjrddRU2XqVokcYUGo/BgNEJ9NAgCfIiHDiA8DIf79oONEr7YhS0+aqK/AWyUEXNOiajeWQtr6R58Bd80PVotXgYYh2sthkEYHI7sZIZtvz3wH+zAsSMxz43+H1XEhGj+tjfr9n4T4CbAK9ADqziZdX9G85yWGZOGCqL1FKPCxBVRhlPBbCcqNSsIvSALNnVQkozpuGoWs/CFy8xhmiv3pIFN9k9FRTKtl1nimLWVul2rk3+rTUuThnHFZVEaJunNoLQU0OSwPgE454pRI5YOEKq42xXSc6IINe5Q1qakbCmzwnacMbhtwyaYBAOMBvj9fu/oeGXRFngG noNdgMEBOAJvwQkYA+op74t36V35n/1r/6v/7YbqeyvNU7AW/vdfk3binQ==</latexit>

Parametrized with Neural Networks

Generalization:  Particle Flow Networks (aka “Deep Sets”)
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Coordinate transformation to the emission plane

Does this Really Count as “Interpretable”?
Visualizing Energy Flow Networks

Trying to plot 
256 dimensional 
latent space

See paper for 
genuine insights
at L = 2

[Komiske, Metodiev, JDT, JHEP 2019]

https://arxiv.org/abs/1810.05165
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Three Lessons since 2019
Highlighting the power of active interpretability

If you have a catalog of trusted observables, you can 
translate a black-box algorithm on low-level inputs into 
a simple classifier on high-level features

If there are simple operations like multiplication and 
sums that don’t really require “interpretation”, you can 
bake those into your machine learning architecture

Apologies that examples 
are all from my own work

If there is a property you want your network to have, 
make sure to impose algorithmic guardrails, otherwise 
the machine might pursue undesirable optimization

, ⟨Φa1Φ
a2⟩

P

∥Φ(p̂1)− Φ(p̂2)∥ ≤

∥ ≤ L∥p̂1 − p̂2∥

[n.b.:  According to HEPML-LivingReview, these papers are categorized respectively as “feature ranking”, “point clouds”, and “equivariance”]

https://iml-wg.github.io/HEPML-LivingReview/
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Maximize 
Decision 
Ordering

BBN

Signal/Background Pairs

Same 
Decision 

Ordering?… …

…

… …

No

Yes

BBN

HLN

HL

HL

HL
HLN’

Black-Box 
Guided 
Search

[Faucett, JDT, Whiteson, PRD 2021;
using Komiske, Metodiev, JDT, JHEP 2018; C3 from Larkoski, Salam, JDT, JHEP 2013]

Iteration (n) EFP κ β Chrom #

0 Mjet + pT – – –

1 2 1
2

2

2 0 2 2

3 0 – 1

4 1 1
2

2

5 −1 – 1

6 1 1
2

4

7 −1 1
2

2

A glimpse at an alternative history
for field of jet substructure

Translating the Black Box
Selecting Energy Flow Polynomials that mimic CNN decisions

Iteratively building likelihood ratio estimate
from catalog of high-level observables

used in C3

ubiquitous

https://arxiv.org/abs/2010.11998
https://arxiv.org/abs/1712.07124
https://arxiv.org/abs/1305.0007


27Jesse Thaler (MIT, IAIFI) — Interpretable Machine Learning for Particle Physics

Moments of Clarity
Alternative pooling operations for streamlined latent spaces

Ok(P) ≡ F
(

⟨Φa⟩
P
, ⟨Φa1Φ

a2⟩
P
, ... ⟨Φa1 ...Φak⟩

P

)

,

≡
∑

i∈P

ziΦ
a(xi), =

∑

i∈P

ziΦ
a1(xi)Φ

a2(xi).

Combining per-particle features through
multiplication and summation

Moment Pooling
(k = 2)

Sum Pooling
(Deep Sets, EFN, k=1)

Single learned feature with k = 4
mimics four separate learned features
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k = 4, L = 1
c1 = −3.584
c2 = −0.847
c3 = 0.005

Moment EFN Quark/Gluon
PYTHIA 8.230,

√
s = 14 TeV

R = 0.4, pT ∈ [500, 550] GeV

Latent Space

Fit: c1 + c2log(c3 + y)
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Quark/Gluon Log Angularities
PYTHIA 8.230,

√
s = 14 TeV

R = 0.4, pT ∈ [500, 550] GeV

Gluon Jets

Quark Jets

ΦL(r) = c1 + c2 log(c3 + r),Log Angularity through
Symbolic ReGression:

Same philosophy (and scaling) as Energy Flow Networks,
just new permutation-invariant pooling operations

[Gambhir, Osathapan, JDT, arXiv 2024; building off Komiske, Metodiev, JDT, JHEP 2019; 
see also Cranmer, Kreisch, Pisani, Villaescusa-Navarro, Spergel, Ho, ICLR 2021 SimDL]

https://arxiv.org/abs/2403.08854
https://arxiv.org/abs/1810.05165
https://simdl.github.io/files/40.pdf
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[Bright-Thonney, Nachman, JDT, PRD 2024;
see also Komiske, Metodiev, JDT, PRL 2019; Kitouni, Nolte, Williams, MLST 2023]
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Parton vs. Hadron Sensitivity
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Safe but Incalculable
Formal IRC safety doesn’t immediately ensure small non-perturbative corrections

∥Φ(p̂1)− Φ(p̂2)∥ ≤ L∥p̂1 − p̂2∥

Regularizing learned features to ensure controlled behavior of per-particle representations 

EFN({p1, . . . , pM}) = F

(

M
∑

i=1

ziΦ(p̂i)

)

https://arxiv.org/abs/2311.07652
https://arxiv.org/abs/1902.02346
https://arxiv.org/abs/2112.00038
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Whether or not these techniques count as “interpretable”,
they are designed to be more robust to systematic effects…

…though it is unclear how to quantify the level of 
improvement without additional dedicated studies

Actionable Goal: Qualitatively Assess Sources of Systematic Uncertainties



To benefit from machine learning advances, we must ensure 
that our algorithmic choices align with our scientific goals

When possible, pursue active interpretability, where you 
control the network architecture and training paradigm

Foundation models identify generically useful features, 
which challenge the importance of task alignment

Confronting the Black Box

Case Study in Jet Classification

The Next Frontier for Interpretability
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To the extent that “interpretability” is 
about identifying/validating features…



To the extent that “interpretability” is 
about identifying/validating features…
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Identify features useful for generic tasks on large datasets, 
which get reused/refined for specialized applications on small datasets

Purposeful misalignment between initial and downstream goals

The Next Frontier:  Foundation Models
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Foundation Models for HEP

[Mikuni, Nachman, arXiv 2024]

[Dillon, Kasieczka, Olischlager, Plehn, Sorrenson, Vogel, SciPost 2021]

Symmetry Augmentation

[Heinrich, Golling, Kagan, Klein, Leigh, Osadchy, Raine, arXiv 2024]

Masked Particle Modeling Next Token Prediction

[Birk, Hallin, Kasieczka, arXiv 2024]

Multi-Category Classification

[Harris, Kagan, Krupa, Maier, Woodward, arXiv 2024]

Re-Simulation Similarity

Original Jet Set of Particles Mask

Transformer Encoder

Masked Prediction Head

VQ-VAE 
Encoder

Discretize 
(frozen)

3 9 2 6Codebook 
Index

Positional 
Embedding 

Cross Entropy Loss 

VQ-VAE
encoder

VQ-VAE
decoder

VQ-VAE
decoder

Transformer
backbone

Jet tokenization

Jet generation

Next-token
prediction head

Transformer
backbone Classification head

Jet classification

Jet type prediction

Autoregressive next-token generation

VQ-VAE
encoder

  

 

Contrastive Loss

 

 

Sample one Sample one

Nominal 
scenario

Nominal 
scenarioRe-simulation Re-simulation

positive pair

negative pair

Graph Building
& 

Graph
Convolutions

Graph Building
& 

Graph
Convolutions

Graph Representations Graph Representations

Inputs

PET Body

Generator 
Head

Classifier 
Head

Class 
Labels

Generator 
Outputs 

Particles Time

Time 
Embedding

ShiftScale

Feature Drop

Feature 
Embedding

Local Embedding

Transformer Block x8

Particle Tokens

Particle Tokens Particle TokensJets

Jet Embedding

ShiftScale

Jets

Jet Embedding

Time

Time 
Embedding

Class Labels

MLP

Class TokenTransformer Block x2

Class Labels

Layer Drop

MLP

Transformer Block x2

Generator Outputs

Generator Head

Classifier 

Head

PET Body

Inputs

Train to do 
generic task

Reuse to do
specific task

Learned Features

Your Next Paper

The natural evolution
of transfer learning

https://arxiv.org/abs/2404.16091
https://arxiv.org/pdf/2108.04253
https://arxiv.org/abs/2401.13537
https://arxiv.org/abs/2403.05618
https://arxiv.org/abs/2403.07066


The natural evolution
of transfer learning
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Foundation Models for HEP

[Dillon, Kasieczka, Olischlager, Plehn, Sorrenson, Vogel, SciPost 2021]

Symmetry Augmentation

[Heinrich, Golling, Kagan, Klein, Leigh, Osadchy, Raine, arXiv 2024]

Masked Particle Modeling Next Token Prediction

[Birk, Hallin, Kasieczka, arXiv 2024]

Original Jet Set of Particles Mask

Transformer Encoder

Masked Prediction Head

VQ-VAE 
Encoder

Discretize 
(frozen)

3 9 2 6Codebook 
Index

Positional 
Embedding 

Cross Entropy Loss 

VQ-VAE
encoder

VQ-VAE
decoder

VQ-VAE
decoder

Transformer
backbone

Jet tokenization

Jet generation

Next-token
prediction head

Transformer
backbone Classification head

Jet classification

Jet type prediction

Autoregressive next-token generation

VQ-VAE
encoder

Asymptotically, pre-training cannot yield improved
performance, but very effective in practice

“What is the machine learning?!”

Inputs

Train to do 
generic task

Reuse to do
specific task

Learned Features

Your Next Paper

https://arxiv.org/pdf/2108.04253
https://arxiv.org/abs/2401.13537
https://arxiv.org/abs/2403.05618


If you have access to a large ancillary data set,
pre-training is a powerful way to learn useful features…

…though I am unsure of the statistical implications 
of leveraging information gained from auxiliary tasks
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Actionable Goal: Identify Low-Rank Structures in High-Dimensional Datasets

???



To benefit from machine learning advances, we must ensure 
that our algorithmic choices align with our scientific goals

When possible, pursue active interpretability, where you 
control the network architecture and training paradigm

Foundation models identify generically useful features, 
which challenge the importance of task alignment

Confronting the Black Box

Case Study in Jet Classification

The Next Frontier for Interpretability
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Interpretable Machine Learning for Particles Physics
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PHYSTAT Workshop Theme:  Interpretability

ChatGPT 4o:  “Draw a picture related to this prompt”

My evolving perspective (open to changing my mind!): 

The desire for human interpretability often arises when 
we imperfectly specify the task we want to accomplish

We should strive towards actionable goals for interpretability:

1.  Qualitatively assess sources of systematic uncertainties 
2.  Identify low-rank structures in high-dimensional datasets
3.  [Your ideas here!]

Actionable Goal: Start a Vibrant Discussion of Interpretability at PHYSTAT!


