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Abstract

We trained a large, deep convolutional neural network to classify the 1.2 million
high-resolution images in the ImageNet LSVRC-2010 contest into the 1000 dif-
ferent classes. On the test data, we achieved top-1 and top-5 error rates of 37.5%
and 17.0% which is considerably better than the previous state-of-the-art. The
neural network, which has 60 million parameters and 650,000 neurons, consists
of five convolutional layers, some of which are followed by max-pooling layers,
and three fully-connected layers with a final 1000-way softmax. To make train-
ing faster, we used non-saturating neurons and a very efficient GPU implemen-
tation of the convolution operation. To reduce overfitting in the fully-connected
layers we employed a recently-developed regularization method called “dropout”
that proved to be very effective. We also entered a variant of this model in the
ILSVRC-2012 competition and achieved a winning top-5 test error rate of 15.3%,
compared to 26.2% achieved by the second-best entry.

1 Introduction

Current approaches to object recognition make essential use of machine learning methods. To im-
prove their performance, we can collect larger datasets, learn more powerful models, and use bet-
ter techniques for preventing overfitting. Until recently, datasets of labeled images were relatively
small — on the order of tens of thousands of images (e.g., NORB [16], Caltech-101/256 [8, 9], and
CIFAR-10/100 [12]). Simple recognition tasks can be solved quite well with datasets of this size,
especially if they are augmented with label-preserving transformations. For example, the current-
best error rate on the MNIST digit-recognition task (<0.3%) approaches human performance [4].
But objects in realistic settings exhibit considerable variability, so to learn to recognize them it is
necessary to use much larger training sets. And indeed, the shortcomings of small image datasets
have been widely recognized (e.g., Pinto et al. [21]), but it has only recently become possible to col-
lect labeled datasets with millions of images. The new larger datasets include LabelMe [23], which
consists of hundreds of thousands of fully-segmented images, and ImageNet [6], which consists of
over 15 million labeled high-resolution images in over 22,000 categories.

To learn about thousands of objects from millions of images, we need a model with a large learning
capacity. However, the immense complexity of the object recognition task means that this prob-
lem cannot be specified even by a dataset as large as ImageNet, so our model should also have lots
of prior knowledge to compensate for all the data we don’t have. Convolutional neural networks
(CNNs) constitute one such class of models [16, 11, 13, 18, 15, 22, 26]. Their capacity can be con-
trolled by varying their depth and breadth, and they also make strong and mostly correct assumptions
about the nature of images (namely, stationarity of statistics and locality of pixel dependencies).
Thus, compared to standard feedforward neural networks with similarly-sized layers, CNNs have
much fewer connections and parameters and so they are easier to train, while their theoretically-best
performance is likely to be only slightly worse.
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3Ben Blaiszik, “2021 AI/ML Publication Statistics and Charts”. Zenodo, Sep. 07, 2022. doi: 10.5281/zenodo.7057437.



–  F R E E M A N  D Y S O N

“New directions in science are 
launched by new tools much more 
often than by new concepts. The 
effect of a concept-driven revolution 
is to explain old things in new ways. 
The effect of a tool-driven revolution 
is to discover new things that have to 
be explained.”



A b s t r a c t

•Instead of focusing on the concrete challenges of incremental changes to HEP driven by 
AI/ML, it is perhaps a useful exercise to think through more radical, speculative changes.  

• What might be enabled if we embraced a dramatically different approach?  

• What would we lose?  

• How would those changes impact the computational, organizational, and 
epistemological nature of the field? 

•What do I mean by “radically different” (for the purpose of this talk)? 

• Major reorganization of workflow or change to our tools.  

• Some common components may not continue to exist (in the current form).
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A I  w r i t i n g  c o d e ,  u s i n g  t o o l s  ( w r i t t e n  b y  h u m a n s )
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Prompt:  
“Compute the dissociation curve of H2 using pyscf.”

https://pubs.rsc.org/en/content/articlehtml/2022/dd/d1dd00009h



A I - a s s i s t e d  c o d e  g e n e r a t i o n  f o r  H E P

•It is ~guaranteed that AI is going to dramatically 
change how HEP physicists write code 

• & Migrate, convert code to new platforms

8

Already useful in HEP I

3

Generate algorithm to match reconstructed jets to quarks.

Prompt and response:

Code output continued:

Christian Weber, Elena Zhivun , BNL P5 Town Hall https://indico.bnl.gov/event/18372/contributions/75216/ 

Already useful in HEP IV

6

Generate ATLAS analysis template

https://indico.bnl.gov/event/18372/contributions/75216/


Simulation, Reconstruction, and Analysis
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T h e  s t a n d a r d  H E P  w o r k f l o w  &  s h o r t c u t s

10“la mia parabola” Figure by Federico Carminati, independent parallel inventions by Vincenzo Innocente & K.C.

Generative AI will radically 
change fast simulation 

See Kevin Pedro’s talk next
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A n  e x a m p l e  o f  r a d i c a l  c h a n g e

•In end-to-end approach, bypass reconstruction, go straight to signal candidates 

• Could also bypass event-level classification and go straight to physics result 
(measurement, claim of discovery) based on a sample of events 

• Loose interpretation of intermediate objects. New approaches would be 
needed to evaluate object-level systematics and establish trust in result. 

• Would require a very different organization of computing resources

13

Computing and Software for Big Science manuscript No.

(will be inserted by the editor)

End-to-End Physics Event Classification with CMS Open Data
Applying Image-Based Deep Learning to Detector Data for the Direct Classification
of Collision Events at the LHC

M. Andrews, M. Paulini, S. Gleyzer, B. Poczos

October 28, 2020

Abstract This paper describes the construction of novel
end-to-end image-based classifiers that directly lever-
age low-level simulated detector data to discriminate
signal and background processes in proton-proton colli-
sion events at the Large Hadron Collider at CERN. To
better understand what end-to-end classifiers are capa-
ble of learning from the data and to address a num-
ber of associated challenges, we distinguish the decay
of the standard model Higgs boson into two photons
from its leading background sources using high-fidelity
simulated CMS Open Data. We demonstrate the abil-
ity of end-to-end classifiers to learn from the angular
distribution of the photons recorded as electromagnetic
showers, their intrinsic shapes, and the energy of their
constituent hits, even when the underlying particles are
not fully resolved, delivering a clear advantage in such
cases over purely kinematics-based classifiers.

Keywords end-to-end · detector images · machine
learning · deep learning · CNN · Resnet · photon ID ·
event classification · mass sculpting · LHC · CMS ·
open data · higgs boson

M. Andrews, M. Paulini
Department of Physics
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1 Introduction

An important aspect of searches for physics beyond the
standard model (SM) of particle physics at the CERN
Large Hadron Collider (LHC) is the identification of
signal events from their corresponding backgrounds. At
the Compact Muon Solenoid (CMS) experiment [1], this
task is accomplished by first reconstructing the low-
level detector data into progressively more physically-
motivated quantities [2] until arriving at tabular-like
particle-level data. Traditional analysis approaches [3,
4] use these condensed inputs to construct an event clas-
sifier that capitalizes on the decay structure or topology
of the processes involved. While such approaches have
been widely successful in understanding the SM, they
potentially lose information in the process and limit
more exhaustive searches for physics beyond the stan-
dard model (BSM).

In this paper, we propose a novel approach for par-
ticle physics event classification that directly utilizes
maps of detector level deposits as inputs to a convo-
lutional neural network (CNN) – an end-to-end event
classification method. While others have developed con-
ceptually similar approaches, these classifiers still rely
on using reconstructed particle-level data to construct
some pixelated (or other abstract) representation [5,
6,7,8] of the detector. Such an approach introduces
additional processing wherein information may poten-
tially be lost. Our classification method di↵ers funda-
mentally from previous approaches because we directly
build the images from maps of the actual recorded par-
ticle showers or energy deposits in the detector (or their
simulated equivalents) before any particle processing
is performed on the raw data. This means the event
classifier gains direct access to the maximum possi-
ble information about the recorded event. One of the
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R e c o n s t r u c t i o n  &  F o u n d a t i o n  M o d e l s
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•Instead of bypassing reconstruction, replace or 
augment the standard reconstructed objects with 
a rich, learned (black box?) representation  

• e.g. the hidden state in the middle of a DNN 

• Could use self-supervised learning to find it 

• Basically a compression of the data 

•A common, general-purpose representation 
would serve as a foundation model   

• Could have fast sim target this common black 
box representation of data 

• Could share across experiments 

• Could serve as a common data format or as a 
target for unfolding



D e t e r m i n i s t i c   P r o b a b i l i s t i c  R e c o n s t r u c t i o n→

•Our standard reconstruction produces a deterministic estimate of particle ID, 
kinematics, etc. Typically, we process one interpretation of an event. 

• This is analogous to a catalog in astronomy 

•Astronomy is increasingly exploring the idea of  
probabilistic catalogues  

• Address ambiguities in reconstruction pipeline 
(e.g. merged objects, photo-z’s, …) 

• Analysis of individual events at LIGO is probabilistic 

• 
 
Conceptually appealing and could improve some analyses, but consequences

15Figure 11: (Left) A 1000 x 1000 pixel subregion of the DECaPS survey. (Right) Color magnitude diagram for the
DECaPS image. Red dashed line highlights the inferred blue main-sequence stars

The speed at inference time (which excludes training time) gives StarNet the scaling characteristics necessary for
processing large astronomical surveys. A single SDSS image is 1489⇥ 2048 pixels. Based on the reported 30-minute
runtime of PCAT for a 100 ⇥ 100 pixel subimage, we project that the runtime to process the full image would be
30 min ⇥ 14⇥ 20 = 8400 minutes, or almost six days. The SDSS survey consists of nearly one million images, and
thus scaling PCAT to the entire SDSS survey would be infeasible. The upcoming LSST survey will be 300 times larger
than SDSS.

On the other hand, StarNet incurs a one-time cost to fit the variational distribution with synthetic data; this cost is then
amortized over a potentially large region of the sky. Re-fitting StarNet may nonetheless be necessary when the model
parameters such as the background or PSF change—which is the case for large ground-based astronomical surveys,
where data is collected over many nights. The SDSS data processing pipeline, for instance, estimates a new PSF and
background for each new frame. Even assuming a new StarNet refit for each SDSS frame, StarNet is still 100⇥ faster
than PCAT.

We can further push the scalability of StarNet by amortizing over a range of model parameters such as the background
and PSF. With appropriate priors on these model parameters, fitting StarNet using the expected forward KL enables it to
generalize across a diverse set of images and eliminate the need for retraining.

7 Conclusion

StarNet employs forward variational inference and is more accurate than both a recently published MCMC-based
probabilistic cataloger and a widely used non-model-based procedure. In the framework of probabilistic modeling,
StarNet produces catalog uncertainties captured by a posterior over the set of all catalogs. Importantly, unlike current
MCMC approaches, StarNet also has the capacity to scale probabilistic cataloging to process large astronomical surveys.

The quality of StarNet detections is the result of optimizing the forward KL, a different objective than the one
traditionally used in variational inference. Optimizing the forward KL allows the variational posterior to be fit on large
amounts of complete data (i.e., images along with their latent catalogs) generated from StarNet’s statistical model.

While this work focuses on stars, our methodology can be extended to include more general light sources, such as
galaxies. One promising direction is to incorporate a highly accurate deep generative model of galaxies [Regier et al.,
2015, Reiman and Göhre, 2019, Lanusse et al., 2021, Arcelin et al., 2021] into the StarNet model.

The statistical framework in this research lays the foundation for building flexible models to incorporate the cataloging
of all celestial objects. Future astronomical surveys will produce far more data than past surveys. As telescopes peer

15

Runjing Liu, et. Al. arXiv:2102.02409 

https://arxiv.org/abs/2102.02409


P r o b a b i l i s t i c  R e c o n s t r u c t i o n

Introduction Track Reconstruction Vertex Reconstruction ATLAS and CMS Summary

Multiple Scattering in Kalman Filter

state propagation

�k�1
k = f

k�1
k (�k�1)

does B-field integration
and energy loss correction
error propagation

C
k�1
k = F

k�1
k Ck�1F

k�1
k

T + Qk

the process noise matrix Qk reflects
multiple scattering uncertainties in
extrapolation from state k to k + 1

•Conceptually appealing… but how? 

• Attach N-Dim probability distributions to each object  

• Similar to what we do for covariance matrix on track 
parameters, but want something more flexible 

• How will they be used downstream?  

• Once you move away from simple operations or distributions,  
it gets hard, e.g. Kalman-Filter -> Gaussian Sum Filter etc.

16

Image credit: Wolfgang Liebig talk  

• Sample different interpretations & process them the standard way 

• Increases computational, storage, & book-keeping requirements  

• Similar to systematic variations on simulation, but for data too 

Both approaches complicate downstream statistical procedures

https://indico.desy.de/event/1811/contributions/28999/attachments/18628/23786/tracking_vertexing_generic.pdf


P u b l i s h i n g  a  m o d e l  f o r  t h e  d a t a  d i s t r i b u t i o n

•If Generative AI techniques were good enough, we could use the model as a 
dramatically compressed representation of the entire dataset 

• Conceptually equivalent to publishing mean and std. dev. of a Gaussian 

• Could generate synthetic data that follows data distribution without reference to 
theory or simulation 

• Would enable comparisons between data and predictions (but need simulation) 

• Would be very hard to validate for complex, high-dimensional data 

• Could use same idea in the context of the trigger to represent data we don’t keep 

• 
Related, high-dimensional unfolding enabled by AI/ML 

• e.g. OmniFold [Andreassen, Komiske, Metodiev, Nachman, Thaler arXiv:1911.09107]
17

https://arxiv.org/abs/1911.09107


Reinterpretation & Connection to Theory



R e i n t e r p r e t a t i o n  /  R E C A S T

19

Complex computational workflow

Excluded

Allowed 

•It is common in particle physics to: 

• scan parameter space of theory, simulate signal for each point 

• execute complex workflow that implements analysis for each parameter point 

• determine which regions of parameter space are excluded 



A c t i v e  L e a r n i n g  f o r  r e i n t e r p r e t a t i o n

•↓ Instead of generating MC a priori, generate it on demand where it is relevant! 

•Drastically more efficient use of computing resources → 

•Changes traditional relationship between production system & analysis 

•Analysis drives production system

20
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https://github.com/diana-hep/excursion

Excluded

Allowed 

Zubair Bhatti, Kyle Cranmer, Irina Espejo, Lukas Heinrich, Phillip Gadow, Patrick 
Rieck and Janik von Ahne on behalf of ATLAS, ATL-PHYS-PUB-2022-045 
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A n o m a l y  d e t e c t i o n

•Lots of interest recently in anomaly detection — fueled by machine learning 

• Driven by a desire to be model-independent

24
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A  s p e c t r u m  

•Is a fully model-independent approach our goal? 

• What does that even mean? 

• Is it the right goal? Is it a reasonable goal?  

• How do we connect back to theory?
25
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David Dean’s keynote this morning



T h e  s p e c t r u m  r e v i s i t e d
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T h e  s p e c t r u m  r e v i s i t e d
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Anomaly detection with  
Regularized ML

T h e  s p e c t r u m  r e v i s i t e d

•Regularized ML allow us to specify “alternate hypothesis" in a language other than QFT 
that captures intuitive physics. Munch more should be done here!
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Anomaly detection with  
Regularized ML

T h e  s p e c t r u m  r e v i s i t e d

•Regularized ML allow us to specify “alternate hypothesis" in a language other than QFT 
that captures intuitive physics. Munch more should be done here!

•RECAST allows us to interpret results and connect back to theory

•(Reinterpretation of anomaly detection analyses is subtle and computationally expensive)
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C l o s i n g  t h e  l o o p :  H y p o t h e s i s  g e n e r a t i o n

•Conceivable that we could use LLMs + multimodal generative AI to write UFO / 
QRules files and explore space of theories based on features of an anomaly 
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•Conceivable that we could use LLMs + multimodal generative AI to write UFO / 
QRules files and explore space of theories based on features of an anomaly 
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Trigger & DAQ



A I / M L  f o r  t r i g g e r  &  D A Q

•AI/ML for trigger & DAQ deserves a dedicated talk 

• Largely skipping due to time 

•Major opportunities: 

• Low-level anomaly detection to flag weird things that we might not trigger 

• Real-time learning to adapt to run conditions 

• New approaches to data compression 

• Learn data distribution for what we do not trigger 

• Assistant / automation for shifters, operations, data quality
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Unifying Simulation and Inference
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It’s infeasible to calculate the 
integral over this enormous space! 



– PA U L  D I R A C

“The underlying physical laws necessary 
for the mathematical theory of a large part 
of physics and the whole of chemistry are 
thus completely known, and the difficulty 
is only that the exact application of 
these laws leads to equations much too 
complicated to be soluble.”
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Machine Learning
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Simulation
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parameter

latent x
observable

The NN is a surrogate for the likelihood (ratio) or posterior, which is used for inference 
Expert knowledge in simulator is transferred to surrogate via the learning process

Cranmer, Louppe, Pavez, arXiv:1506.02169 
PNAS, arXiv:1805.12244 

PRL, arXiv:1805.00013 
PRD, arXiv:1805.00020 

NeurIPS, arXiv:1808.00973 
physics.aps.org/articles/v11/90 

https://physics.aps.org/articles/v11/90
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Massive gains in precision of a flagship measurement at the LHC ! 

Equivalent increasing data collected by LHC by several factors

[J. Brehmer, S. Dawson, S. Homiller, F. Kling, T. Plehn 1908.06980]
[J. Brehmer, F. Kling, I. Espejo, K. Cranmer  1907.10621] 
See also LHC EFT WG Report arXiv:2211.08353 

Dedicated software package interfacing with particle physics simulators: 
 github.com/johannbrehmer/madminer

https://arxiv.org/abs/2211.08353
http://github.com/johannbrehmer/madminer
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Machine Learning
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Simulation
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parameter

latent x
observable

Allows us to work with low-level / “raw” data without summaries designed by experts 

It is radical in the sense that the human role is different from traditional HEP analysis.  

But, not any more radical than use of AI/ML for signal vs. background classifiers. 

Interpretability requires new strategies and attitudes. 

Cranmer, Louppe, Pavez, arXiv:1506.02169 
PNAS, arXiv:1805.12244 

PRL, arXiv:1805.00013 
PRD, arXiv:1805.00020 

NeurIPS, arXiv:1808.00973 
physics.aps.org/articles/v11/90 

https://physics.aps.org/articles/v11/90


Tw o  a p p r o a c h e s  s i m u l a t i o n - b a s e d  i n f e r e n c e

40

Control simulator  
(much more efficiently)

Learn simulator  
(with deep learning)

• Learn a NN surrogate 

• avoid complexity of MC truth / 
latent variables in simulation

[image credit: A.P. Goucher]

• Probabilistic programming 

• Maintain ability to infer latent 
variables, but have to cope with that 
complexity

https://cp4space.wordpress.com/2016/02/06/deep-learning-with-the-analytical-engine/
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https://github.com/probprog/pyprob 
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2

2

2

simulator C++

probprog/pyprob

Pythia / Sherpa / GEANT / …

NN

•Probabilistic Programming: Use Generative AI to control the random numbers in 
the simulator to efficiently generate an output that matches the observed data.

G. Baydin, et al SC19 arXiv:1907.03382  
G. Baydin, et al. NeurIPS 2019 arXiv:1807.07706

• Augment simulator so it can be 
controlled by external AI “guide”  
(C++, >1M lines of code)  

• Use Generative AI techniques to 
control the internal randomness  

• Radically different use of the simulator 

• Still computationally expensive  

• Enables “deep interpretability” & 
Bayesian Inference 

• Preserves semantics of current 
simulation chain

s i m u l a t e |  e t a l u m i s  

https://github.com/probprog
https://github.com/probprog/pyprob
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Figure 2: With any fixed clustering algorithm, the probability distribution over final-state

momenta can be decomposed into a product of distributions. Each factor in the product

corresponds to a di↵erent step in the clustering tree. Subsequent probabilities are conditioned

on the outcomes from previous steps, so this decomposition entails no loss of generality.

We will now formalize this discussion into explicit equations. For the rest of this section

we assume that the clustering tree is determined by a fixed jet algorithm (e.g. any of the

generalized kt algorithms [58, 59]). The particular algorithm chosen is theoretically inconse-

quential to the model, as the same probability distribution over final states will be learned

for any choice. Practically speaking, however, certain algorithms may have advantages over

others. We will discuss the choice of clustering algorithm further in Secs. 5.2 and 5.3.

The application of a clustering algorithm on the jet constituents p1, . . . , pn defines a

sequence of “intermediate states” k(t)
1

, . . . , k(t)
t . Here the superscript t = 1, . . . , n labels the

intermediate state after the (t � 1)th branching in the tree (where counting starts at 1) and

the subscript i = 1, . . . , n enumerates momenta in that state. To be explicit,

• the “initial state” consists of a single momentum: k(1)

1
= p1 + · · · + pn;

• at subsequent steps {k(t)
1

, . . . , k(t)
t } is gotten from {k(t�1)

1
, . . . , k(t�1)

t�1
} by a single momentum-

conserving 1 ! 2 branching;

• after the final branching, the state is the physical jet: {k(n)

1
, . . . , k(n)

n } = {p1, . . . , pn}.

In this notation, the probability of the jet (as shown in Fig. 2) can be written as

Pjet({p1, . . . pn}) =

"
n�1Y

t=1

Pt
�
k(t+1)

1
, . . . , k(t+1)

t+1

��k(t)
1

, . . . , k(t)
t

�
#

(2.2)

⇥ Pn
�
end

��k(n)

1
, . . . , k(n)

n

�
.

Eq. (2.2) allows for a natural, sequential description of the jet. However, it obscures

the factorization of QCD which predicts an approximately self-similar splitting evolution.

Thus we decompose the model further, so that each Pt in Eq. (2.2) is described by a 1 ! 2

branching function that only indirectly receives information about the rest of the jet. The

latter is achieved via an unobserved representation vector h(t) of the global state of the jet at

step t. To be explicit, let k(t)
m ! k(t+1)

d1
k(t+1)

d2
denote the branching of a mother into daughters

that achieves the transition from k(t)
1

, . . . , k(t)
t to k(t+1)

1
, . . . , k(t+1)

t+1
in the clustering tree. Then

– 8 –

Andreassen, Feige, Frye, Schwartz  arXiv:1804.09720

JUNIPR is a generative model for jets
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Figure 10: Branching function modelled by a deep undirected energy model over continuous

variables z, ✓, �, � that parameterize the branching. Shown is the marginalized distribution

over z, averaged over all t steps. Comparison is made between actual outcomes in the vali-

dation set of Pythia jets and Junipr’s probabilistic predictions for these jets.

any reasonable importance distribution q. Indeed, we found that a uniform distribution over

the transformed coordinates of Eq. (3.2) is a fine choice for q.

In Fig. 10 we show results for Junipr trained with the continuous branching function as

described above. In this case, we can use arbitrarily high-resolution binning, as Junipr has

learned a fully continuous probability density. Fig. 10 can be roughly compared to Fig. 9,

where we were required to use 10 bins for each dimension of x.

To close this section, we note that in most cases, we expect the discretized branching

function with 10 bins per dimension of x to be su�cient, especially if one performs a linear

interpolation on the output cells. This simple case is certainly faster to train and does not

require the technique described here to avoid biased gradient estimates.

4 Applications and Results

With Junipr trained and validated, we turn to some of the most interesting results it enables.

Given a jet, Junipr can compute the probability density associated with the momenta inside

the jet, conditioned on the criteria used to select the training data. To visualize this, we show

a C/A-clustered Pythia jet in Fig. 11 with the Junipr-computed probability associated

with each branching written near that node in the tree. Note that these are small discretized

probabilities due to the discretized implementation of Junipr’s branching function described

in Sec. 2. This is shown primarily to conceptualize the model, which is constructed to be quite

interpretable as it is broken down to compute the probability of each step in the clustering

history of a jet.

A direct and powerful application of the Junipr framework, enabled by having access to

separate probabilistic models of di↵erent data sources, is in discrimination based on likelihood

– 20 –

Latent variables are interpretable

Autoregressive structure matches causal 
structure in traditional physics simulators

See also Reframing Jet Physics with New Computational Methods 
K.C, Drnevich, Macaluso, and Pappadopulo 

vCHEP2021 DOI:10.1051/epjconf/202125103059 

Can train on real data.   

Could imagine abandoning current parton shower 
algorithms with a more flexible data-driven shower. 

Loose interpretability? 

Would it extrapolate to different energies? 

There is a spectrum connecting Pythia and JUNIPR 
 
Training is conceptually equivalent to MC tuning.

https://doi.org/10.1051/epjconf/202125103059


D i f f e r e n t i a b l e  P r o g r a m m i n g

•The core of modern AI is gradient-based optimization enabled by automatic 
differentiation. Incorporating this into our tools would lead to radical changes. 
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slide from Nathan Simpson: [link to talk]

See more in Kevin’s talk & Mode Collaboration

https://www.snowmass21.org/docs/files/summaries/CompF/SNOWMASS21-CompF5_CompF3_Gordon_Watts-046.pdf
https://www.canva.com/design/DAD4HFY3Ais/3QuLwKzjVlABG9k5vTL1Dw/view#1
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Propose an 
experimental 
configuration

Generate synthetic data

updated model of 
performance for 

potential experiments

Estimate sensitivity
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On scientific understanding with artificial intelligence

Mario Krenn,1, 2, 3, 4, ∗ Robert Pollice,2, 3 Si Yue Guo,2 Matteo Aldeghi,2, 3, 4 Alba
Cervera-Lierta,2, 3 Pascal Friederich,2, 3, 5 Gabriel dos Passos Gomes,2, 3 Florian Häse,2, 3, 4, 6
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Imagine an oracle that correctly predicts the outcome of every particle physics experiment, the
products of every chemical reaction, or the function of every protein. Such an oracle would revolu-
tionize science and technology as we know them. However, as scientists, we would not be satisfied
with the oracle itself. We want more. We want to comprehend how the oracle conceived these
predictions. This feat, denoted as scientific understanding, has frequently been recognized as the
essential aim of science. Now, the ever-growing power of computers and artificial intelligence poses
one ultimate question: How can advanced artificial systems contribute to scientific understanding
or achieve it autonomously?

We are convinced that this is not a mere technical question but lies at the core of science. There-
fore, here we set out to answer where we are and where we can go from here. We first seek advice
from the philosophy of science to understand scientific understanding. Then we review the current
state of the art, both from literature and by collecting dozens of anecdotes from scientists about how
they acquired new conceptual understanding with the help of computers. Those combined insights
help us to define three dimensions of android-assisted scientific understanding: The android as a I)
computational microscope, II) resource of inspiration and the ultimate, not yet existent III) agent
of understanding. For each dimension, we explain new avenues to push beyond the status quo and
unleash the full power of artificial intelligence’s contribution to the central aim of science. We hope
our perspective inspires and focuses research towards androids that get new scientific understanding
and ultimately bring us closer to true artificial scientists.

I. INTRODUCTION

Artificial Intelligence (A.I.) has recently been called
a “new tool in the box for scientists”[1] and that “ma-
chine learning with artificial networks is revolutioniz-
ing science“[2]. Additionally, it has been conjectured
“that machines could have a significantly more cre-
ative role in future research.” [3]. For instance, it has
even been postulated that “[t]he new goal of theoret-
ical chemistry should be that of providing access to
a chemical ’oracle’: an A.I. environment which can
help humans solve problems, associated with the fun-
damental chemical questions of the fourth industrial
revolution [...], in a way such that the human cannot

∗
mario.krenn@mpl.mpg.de

†
alan@aspuru.com

distinguish between this and communicating with a
human expert” [4].

However, this excitement has not been shared
among all scientists. Specifically, it has been ques-
tioned whether advanced computational approaches
can go beyond numerics [5–9] and contribute funda-
mentally to one of the essential aims of science, that
is, gaining of new scientific understanding [10–12].

In this work, we address how artificial systems can
contribute to scientific understanding – specifically,
what is the state-of-the-art and how we can push fur-
ther. Besides a thorough literature review, we sur-
veyed dozens of scientists at the interface of biol-
ogy, chemistry or physics on the one hand, and arti-
ficial intelligence and advanced computational meth-
ods. These personal narratives focus on the concrete
discovery process of ideas and are a vital augmenta-
tion to the scientific literature. We put the literature
and personal accounts in the context of a philosophi-
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  Machine learning for QCD 

• Provably-exact machine-learning-
accelerated sampling algorithm 

• Orders of magnitude more efficient than 
conventional algorithms overcoming 
critical slowing-down 

• Unbiased results where traditional 
approaches fail 

Deployment for state-of-the-art QCD 
scheduled for Aurora 2023 first science time

[2107.00734; 2101.08176; Phys.Rev.D 104, 114507; Phys.Rev.D 103, 074504  (2021); Phys.Rev.Lett. 125, 121601;  
PMLR 8083-8092 (2020); Phys.Rev.D 100, 034515 (2019); Phys.Rev.D 97, 094506 (2018)]

61 Phiala Shanahan, MIT

Flow models for QCD

Flows on 
compact, 
connected 
manifolds

Gauge-
equivariant 
flows

Multimodal 
distributions

Fermions 
+ gauge 
theory

Scaling

Fermions 
(quarks)

59 Phiala Shanahan, MIT

Flow models for QCD

Flows on 
compact, 
connected 
manifolds

Gauge-
equivariant 
flows

Multimodal 
distributions

Scaling

)XWXUH�'LUHFWLRQV����

Ɣ 2XU�ZRUN�VR�IDU�KDV�RQO\�EHHQ�WZR�GLPHQVLRQDO�ODWWLFHV

Ɣ &RVWV�VFDOH�XS��EXW�QR�WKHRUHWLFDO�REVWDFOH�WR�KLJKHU�GLPHQVLRQV
ż 3UHOLPLQDU\�UHVXOWV�IRU�ᶰ��LQGLFDWHV��G�HDVLO\�DFFHVVLEOH
ż 1HHG�WR�UHVROYH�FRPSXWDWLRQDO�ERWWOHQHFN�IRU��G

��Fermions 
+ gauge 
theory

Scale to state-of-the-art volumes (4D)

Fermions 
(quarks)



– J U L I A N  S C H W I N G E R

Like the silicon chips of more recent years, 
the Feynman diagram was bringing 

computation to the masses.
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C o n c l u s i o n s

•Perhaps it is a useful ongoing exercise to think through more radical, speculative changes 

• What might be enabled if we embraced a dramatically different approach?  

• What would we lose?  

• How would those changes impact the computational, organizational, and epistemological nature of 
the field? 

•There are many opportunities: 

• some are easy, some are hard, some are unnecessarily hard 

• some are worth it, some are not 

•Do they reveal overly rigid assumptions about our approach?  

• We should attempt to be nimble as AI/ML will continue to surprise and disrupt us
51


