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“First wave"” (7) of diff p rOg in HEP omansrmin whieh ot e o the ooty

at that point, different in retrospect]

* 2018+: first wave of interest in the topic around the time of INFERNO [arXiv:1806.04743]

> gradient-based analysis optimization, later on also neos [arxXiv:2203.05570]

» 2020: Snowmass whitepaper B e 2P

- “a long-term goal of this effort is to optimize real physics analyses”

- “achieving this goal is ambitious”

- “not clear that gradient-based optimization will always be superior”

August 31, 2020

Prototype: differentiating through
PyTorch + JAX + Tensorflow using functions as a service

* 2020+: related activity in IRIS-HEP blueprints

» 2020: “Future Analysis Systems and Facilities”: what is technically possible / feasible?

» 2021: “Differentiable Programming for the Analysis Grand Challenge”

- “How far back will the backward pass extend?”, lead eventually to arxiv:2508.17802

* Also: HSF activity area / gradHEP group, MODE whitepaper, MIAPbP workshop, lots more papers

Alexander Held 2


https://arxiv.org/abs/1806.04743
https://arxiv.org/abs/2203.05570
https://gbaydin.github.io/assets/pdf/baydin-2020-differentiable.pdf
https://indico.cern.ch/event/960587/
https://indico.cern.ch/event/1096431/
https://arxiv.org/abs/2508.17802
https://hepsoftwarefoundation.org/activities-archive/differentiablecomputing.html
https://arxiv.org/abs/2203.13818
https://www.munich-iapbp.de/probabilistic-programming/schedule
https://indico.cern.ch/event/1096431/
https://gbaydin.github.io/assets/pdf/baydin-2020-differentiable.pdf
https://indico.cern.ch/event/960587/contributions/4070325/
https://github.com/alexander-held/differentiable-analysis-example/

Which gradients do we want?

observables x detector interaction 7, parton shower z; parton level 7,

[physics objects [ (z;))]

€/1(810¢) ¥8Z @ 137 SAUd

CERN-EX-1301009 HEP 0902 (2009) 007

d/ox d/0 (energy deposit in cell) 0/0 (PS parameter) 0/ 0k,
“normal” analysis-level ML “Hits to Higgs*” “let’s tune our PS!” full end-to-end
0/0 (object definition) 0/0 (GEANT parameter)
“what is a jet / b-tag?” “let’s tune Geant4”

[take advantage of (approximate) factorization -> SBI / mining gold]
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https://doi.org/10.1088/1126-6708/2009/02/007
https://cds.cern.ch/record/1505342
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/HIGG-2018-13/
https://arxiv.org/abs/2508.19190

Status quo

* Autodiff in HEP = “standard ML"” = optimize NN wrt. proxy metric, not the final number in the paper

> established, accepted, and works very well

* The “differential programming” perspective has not (yet?) significantly changed the way we work

> will / should it?
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Challenges and key questions

* Not everything can be easily differentiated through: sometimes technically difficult, sometimes conceptually

> see e.g. Annalena’s talk and Frederic's talk

> can we replace (all) non-differentiable pieces with suitable alternatives (without a lot of manual intervention?)
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> can we store all the gradient tape we need (in memory)?
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> parts of pipeline are increasingly expensive -> unlikely to re-optimize per analysis =9 sl — oat epetiion o jets
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[ATL-SOFT-PUB-2026-002]

» what software stack do we need, where can we harmonize?

* How computationally efficient is this compared to non-gradient blackbox optimization? ,
[arXiv:2203.13818]

» can we te” without needing toim p|ement thlngS fu | |y’) Depending on the optimization task and its software computations packages dif-

ferent hardware resources should be provided. Thus, the system should run on
relatively capable virtual nodes (24 CPUs, 128GB of RAM). However, some of the
computational tasks might require additional hardware resources like GPU/TPU
cards or extremely large RAM volumes. For such dedicated tasks the system should
be able to instantiate a separate computational Kubernetes clusters.
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https://indico.cern.ch/event/1633539/timetable/#3-differentiating-discrete-ope
https://indico.cern.ch/event/1633539/timetable/#6-everything-that-can-go-wrong
https://arxiv.org/abs/2203.13818
https://cds.cern.ch/record/2953659

Model misspecification

Four main categories of mitigation strategies

o Cover with uncertainties

m  Convert unknowns unknowns to known unknowns
> how can gradient-based optimization avoid optimizing the wrong thing o Calibrate away
m  Reweighting / flows / optimal transport, simulator tuning
. . . . " . . " o Avoid misspecified features
» what is the right loss to optimize (“avoid overconstraints” etc.)? u  Feature selection, adversarial approaches, built-in symmetries
o  Data-driven approaches
m  Empirical models, hybrid approaches

* Our model of nature is wrong in ~all interesting use cases

* how to fold in the the “misspecification loop”?

see [VERaIPHY talk] for more

“misspecification loop”

Blind analysis to
mitigate bias Implement
(improved)

model

Identify
mitigation Publish

Issue found Validate / detect All good!

strategy mlsspeC|flcat|on

all possible data-generating processes in
some extremely high-dimensional space
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https://indico.cern.ch/event/1617006/contributions/6877651/

90% signal efficiency

Sensitivity gains and calibration -
* Our pipeline factorizes into established steps gl
> avoid duplication of effort, benefit from single central calibration §-;101 e sren
8 T VAHIF frosen

> object reconstruction as “foundation model” (fine-tune by picking working point) o VantF e dhtciass int)
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N training evts

* How does calibration work when we optimize jointly? e ,
sensitivity gains with fine-tuning

* need to calibrate high-dim latent space [arXiv:2507.08867, ATLAS FTAG example] [arXiv:2401.13536]
) 0.25
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[arXiv:2507.08867]
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https://arxiv.org/abs/2507.08867
https://arxiv.org/abs/2505.13063
https://arxiv.org/abs/2401.13536
https://arxiv.org/abs/2507.08867

Analysis choices

nothing else to think about good place for AD
A
is there anything|up here?

. observable
binning (model misspec)
(MC stats) P
small large
sensitivity » sensitivity
impact impact
misspec-corrected VI region definitions / cuts*
impact (model misspec)
object
N R anything priorto | | 2 definitions
calibrated objects (calibration)

lots of other considerations 4 , A ,
* I believe looser is ~always better, this is only interesting with “advanced” loss functions
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What are the most promising use cases?

« Some applications are very well motivated, feasible and / or already in use for a while

> they are typically localized to a specific step in an analysis chain

* Full spectrum of “standard” ML S-vs-B discrimination, background estimation techniques, SBI, ...

> we use AD-optimized pieces all throughout the pipeline!

- ROOT

N Statistica' inference —~ Data Analysis Framework
f Cl aé
> likelihood minimization with exact gradients ——— .
alfferentlable E ;i
. . . . Zikelihoods f = . —
> Hessian calculations without numerical problems 3 o
» sensitivity analysis / uncertainty decomposition [arXiv:2307.04007] o .
> and “next order” corrections like binning optimization [arXiv:2601.07756, Nitish's talk] T oy R

(before 2024)

[Jonas Rembser]

* And maybe LLMs-based agents?
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https://arxiv.org/abs/2307.04007
https://arxiv.org/abs/2601.07756
https://indico.cern.ch/event/1633539/timetable/#23-differentiable-binning-opti
https://github.com/scikit-hep/pyhf
https://indico.cern.ch/event/1600676/contributions/6899045/

Possible future scenarios

« How much inductive bias / physics-informed design vs blackbox optimization do we want? [see also Lukas' talk]
> we have decades of experience factorizing the problem

> factorization also helps with interpretability and talking to theory colleagues

calibration

: I¢l : |¢2
T N
theory D theory
—
> »D»
data T result data —P result
—p
\ADJ
\_ _J

physics + targeted ML ‘ ' “maximalist”
differentiable programming pipeline everything is one big network

inspired by: L. Heinrich, ACAT 2024
10

Alexander Held



https://indico.cern.ch/event/1633539/timetable/#2-automatic-differentiation-in
https://indico.cern.ch/event/1330797/contributions/5776133/

How will the future look?

. . " . ” . BI.Jildin an Al-native Research Ecosystem for Experimental Particle Physics: A Communit
« Lots of interest in an “Al-native” future (e.g. [arXiv:2602.17582]) ison " ’ " ’

Thea Klaeboe Aarrestad, Alaa Abdelhamid, Haider Abidi, Jahred Adelman, Jennifer Adelman-McCarthy, Shuchin Aeron, Garvita Agarwal, Usman
Ali, Cristiano Alpigiani, Omar Alterkait, Mohamed Aly, Oz Amram, Saeed Ansari Fard, Aram Apyan, John Arrington, Marvin Ascencio-Sosa,
Mohammad Atif, Aneesha Avasthi, Muhammad Bilal Azam, Bhim Bam, Joshua Barrow, Rainer Bartoldus, Amit Bashyal, Aashwin Basnet, Ayse Bat,
Lothar A. T. Bauerdick, John Beacom, Chris Bee, Michael Begel, Matthew Bellis, Rene Bellwied, Rakitha Beminiwattha, Gabriele Benelli, Douglas
Benjamin, Catrin Bernius, Binod Bhandari, Avinay Bhat, Meghna Bhattacharya, Saptaparna Bhattacharya, Prajita Bhattarai, Sudip Bhattarai, Wahid
Bhimji, Jianming Bian, Burak Bilki, Mary Bishai, Kevin Black, Kenneth Bloom, Brian Bockelman, Johan Sebastian Bonilla Castro, Tulika Bose, Nilay
Bostan, Othmane Bouhali, Dimitri Bourilkov, Dominic Brailsford, Gustaaf Brooijmans, Elizabeth Brost, Maria Brigida Brunetti, Quentin Buat,
Brendon Bullard, Jackson Burzynski, Paolo Calafiura, Rodolfo Capdevilla, Fabian Andres Castafio Usuga, Raquel Castillo Fernandez, Fabio
H . e H Catalano, Viviana Cavaliere, Flavio Cavanna, Giuseppe Cerati, Aidan Chambers, Maria Chamizo-Llatas, Philip Chang, Andrew Chappell, Arghya
* Think about this as P hys icists = agents -> co llaboration of a gents? Cratopaciman. Sar90 Chekanin. e Chen o Shenavan Chen ) Tolor s Hecr it voan-Tns G Tamors
Chowdhury, Neil Christensen, Wonyong Chung, Rafael Coelho Lopes de Sa, Simon Corrodi, Kyle Cranmer, Matteo Cremonesi, Roy Cruz, Mate
Csanad, Mariarosaria D'Alfonso, Carlo Dallapiccola, Daine Danielson, Sridhara Dasu, Gavin Davies, Kaushik De, Patrick de Perio, Klaus Dehmelt,
Marco Del Tutto, Carlos Ruben Dell'Aquila, Sarah Demers et al. (359 additional authors not shown)

> this is how we work as humans, should agents do too?

> formalized exchange protocol (papers, algorithms, ...), meetings as synchronization points, high-level planning

Al agent Al orchestrator

X
theory
—
4 data Al agent
H
Al agent l ¢
theory
| : —
¢ 4 data result
theory P> o
—
4 data
P —

Al agent
l ¢ Al agent
the
eory l A
4 data th
4 e, eory
4 data
H
physicist (?)
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https://arxiv.org/abs/2602.17582
https://arxiv.org/abs/2602.17582

Conclusion / what to focus on?

* “End-to-end” optimization through a large part of the full pipeline is probably not the right target

* Good calibration strategies are key and beneficial not just for any new differentiable programming approaches!

> this seems increasingly important
+ Consensus for some areas
> “traditional” ML approaches are integral part of HEP

> autodiff gradient-based likelihood fitting makes a lot of sense

« It remains interesting to think about non-gradient-based optimization approaches, including the role of LLMs

> clever injection of domain knowledge remains very powerful, e.g. factorization in SBI
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Systematics + ML: wrong vs suboptimal

« Model misspecification and (lack of) systematic uncertainties can make our results wrong and / or suboptimal

* Avoiding wrong results
> incorporate and propagate all relevant sources of systematic uncertainty through chain family of ,,(x)

- requires understanding which sources are relevant

* Striving towards optimal results

> possible limitations due to training dataset size, model capacity, domain shift

> e.g. “are we using a good summary statistic?”
target f(x)
» often ML training + systematic uncertainties are factorized, generally non-optimal

- instead: e.qg. data augmentation, parameterized models, ...
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Systematic variations

* Need to model 1/(%, 5) for any value of nuisance parameters 6 encoding systematic uncertainties

0
- 2 .
* Ideal case: just run simulator for any value of ¢ ' new unseen point
1
* not computationally feasible in practice o ) T ! /
v(6,) via interpolation ory
,
""""""""" \:E_;""""
* Instead: pick some values & interpolate i .
1
> in practice we use on-axis variations .
1
> variations typically are “one at a time” ‘ ; ‘_>9
/ | 1
1
1
. . . '
* Lots of assumptions here that we rely on in practice nominal simulation '
1
> where to simulate '
+— , —>
» interpolation choice . ——-b‘ . :
simulation with alternative ¢ v(6)) via interpolation
> effects factorize
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Complication: two-point systematics

* Sometimes have cases where variations in simulator chain are discrete
) ) ) modeling choices for main background of ttH(bb)
> e.g. choice of one simulator vs alternative

g 0.4 ' — ATLAS P8 t&bE ‘ = E
e — —— ATLAS PH7 ttbb -
E 03— __ . ATLAS PP8 tibb dipole T 9
X | — -+ ATLAS PP8 ffbb hy,s2 3 =
i . . . = E — ATLAS Sherpa tibb ElG
* Typical treatment: interpolate to treat as continuous, symmetrize 0.25¢ =0
0.2 —— ATLAS =49
. . . E EEEES R G t L I E
> lots of assumptions here, but need to make a choice to profile 0.15F- i3 Tev, s b2 4 o
0.13_ Dilepton channel _E 8
005 — =
- - ' ! =
* Especially tricky to deal with when these play a large role £'8 120 -
e 5 SR T —:— 1 =
> concerns about overly constraining uncertainty of nuisance parameter § éo_g
> best-fit model prediction may lie away from both choices
“anti”-PH7? PP8 PH7

-
R
s T
L 4 9

symmetrize ‘ nature?
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https://cds.cern.ch/record/2812088

