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Point of this talk and upcoming session

= \We've heard about concepts, motivation and challenges for AD in HEP
= Rest of today and first session tomorrow will be about the tools for this
» The ‘standard’ software ecosystem is quite mature
= Multiple efforts of introducing AD into this ecosystem

= \What is the status of these AD extensions?

= \WWhat are fundamental roadblocks vs technical challenges?
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Underlyi hg AD cnNgines

The actual autodift

= The HEP analysis software stack can be split into: python-based & ROOT-based
= Most python AD tools (HEP & beyond) use Jax under the hood

= Essentially numpy with gradients, hardware accelerators & JIT compile

y . ‘0,0‘

= Great introduction by Peter in last week’s stats workshop (contribution)

= AD for C++: Clad is a source-transformation compiler plugin AN

= Used for differentiable extensions in the ROOT ecosystem

= \Vassil and Jonas will talk about this tomorrow (contribution) C l aa

= Essentially all AD HEP tools build on top of one of these
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https://indico.cern.ch/event/1600676/contributions/6899046/
https://indico.cern.ch/event/1633539/contributions/6915488/

Typical Ana'ys1s Pipeline

Closer look at the Scikit-HEP Ecosystem

= The typical HEP data analysis pipeline consists of several steps

= “Analysis” refers to steps from columnar input data to final measurement result

Event selection,
systematic Histograms
uncertainties

Columnar data

diagnostics

= Scikit-HEP provides an entire ecosystem of python tools for various steps /’\
Scikit
\HEP
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Typical Ana'ys1s Pipeline

Closer look at the Scikit-HEP Ecosystem

Manipulate nested, variables-sized oure-Python HistFactoryimplementation
data w/ numpy-like idioms with tensorsind autodift
alfferentlable
Yikelihoods
Event selectio St::s::al Statistical
ol building S

=acabinetry o

building and steering binned template fits

Tooling for AD in HEP Mohamed Aly & Lino Gerlach




T'ypical D1

e (

Making existing tools dift

ferentiab.

erentiaple

e Ana

vsis Pipe.

ne

Tooling for AD in HEP

Comes w/ autodiff by default

(via e.g. jox backend)

Mohamed Aly & Lino Gerlach

e

it



| Di

r

['yplica

Making existing tools dift

ferentiab.

erentiaple

e Ana

VSIS

Pipe

ne

Tooling for AD in HEP

Mohamed Aly & Lino Gerlach

alﬁerentlable

plsf

Yikelihoods

Currently a road block:

Creqtes static, intermediate result
blocks gradient f
typically omitted for dif

OW

“able approaches

3



T'ypical

Making existing tools dift

r

D1

ferentiab.

erentiaple

e Ana

VSIS

Pipe

ne

See |lan

Tooling for AD in HEP

Has a jax backend, but some
operations not yet supportea
na’s talk later today (contribution)

Mohamed Aly & Lino Gerlach

di fferent able

plsf

Yikelihoods

e

it


https://indico.cern.ch/event/1633539/contributions/6915476/

JAX-based Stats analysis everln ere

Splitting Statistical Analysis into several tools

| [ j { J = Ongoing efforts on Jax-native
pure-JAX primitives worksp pecificati StOtS eCOSystem

= No other backends

nIp
MODELS paramore pyht .,
unbinned likelihoods HistFactory - binned : |

= Stronger separation of concerns

ROOT
RooFit |
. weo @ FOr more info, stay tuned for
INFERENCE everwlillow pyhf HS3 serialisation |
pure-JAX - model-agnostic SciPy + JAX grads ' Dete - 'S tO < to m O r rOW
optimistix trees tensorboard + 4
" . (contribution)
INTEROP pyhs3
HS3 standard - comp. graphs - JAX
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https://indico.cern.ch/event/1633539/contributions/6915487/

Relaxing Discrete Operations

Wholistic optimizations framework approacnes

= Tracking gradients through all operations not yet enough Sigmoid Approximations

— T=0.05 :
— T=0.1 :
= \We also need differentiable relaxations’ of discrete operations 2| 1o é;
T=1.0

= F.g. approximating cut as sigmoid, histogram as a KDE

Sigmoid Weight

\

zZz

= . and thereis a package for this relaxed

= Nitish will talk about differentiable bin optimization right after (contribution)

-
[

Observable Value

= Btw: statistical gradients, straight-through estimators, gumlbel noise injection (see Annalena’s
talk earlier today) are not yet supported (but could be)
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https://indico.cern.ch/event/1633539/contributions/6940284/

Putting it all together - Frameworks

End‘tO‘@nd Optlmlzatlgn From Nathan Simpson's talk

» Gradients for each step in the pipeline = can optimise all parameters to maximise significance

= This is what neos domenstrated on

setting hypothesis tests profile likelihood toy dato
TSN T He s i( y 3 )
N < ‘/‘><\ <— % = Builds on pyhf
‘ i (. 6)
/I\ = Only handles rectangular data
Ase, = GRAEP does the same thing but N
o TT & with evermore & awkward oo
Lo - GR/.EP
t....j . L
jagged data histograms & observables binned poisson = Demonstrated on real CMS data

model
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https://indico.cern.ch/event/882824/contributions/3930028/
https://indico.cern.ch/event/882824/contributions/3930028/
https://indico.cern.ch/event/882824/contributions/3930028/
https://indico.cern.ch/event/882824/contributions/3930028/

Recap - AD Tools for HEP

Where we stand

= There are various approaches to introduce AD in HEP
= Making existing tools differentiable (e.g. awkward-jax or clad for ROOT)
= Novel Jax-native developments (e.g. evermore)
= Additional utility libraries (e.g. relaxed)
= Frameworks putting it all together (e.g. neos, TOMATOS, GRAEP)

= Pros & Cons - and quite some overlap!
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Open Questions

Things to discuss later this session

= Shall we support various backends for existing libraries or develop natively-differentiable tools?
= Tradeoff between flexibility, maintainability and sheer number of packages
= |5 there a case for end-to-end differentiable frameworks as a centrally managed packages?
= |n ‘classical” analysis, groups of analyses tend to write their own stuff
» How do we scale differentiable approach to distributed computing?
= Unlike distributed training of large ML models, HEP workflows are much more diverse (HPC vs HTC)
= How do we pass gradients through tools like coffea-case, serviceX, etc?

= This was discussed a few years ago: google doc. Things have changed. Is there still interest?
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https://docs.google.com/document/d/1vZaB8M9HlgJ6xYP75oOFDpLwI2rj-8Qm6_DyIRUMIpA/edit?tab=t.0

Open Questions

Scaling to distributed computing

= Batching: Does not work out-of-the-box like in classic ML
= |n ML, the loss is defined for a single sample and can be averaged over a batch
= [N our case, we need a representative subset of the data to calculate the objective
= F g.: we cannot calculate the significance on 1000 background events alone
= Can we use a mixture of batched- and unbatched?

= F.g.run the fit on running, global histograms, that are updated in batches through
oreselection
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Coftea-casa
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T'ypical Analysis Pipeline

=scabinetry

formulate
Modularity & Declarative
interfaces configuration

Columnar data Histograms Workspace

\4 | | I I
S ——— ol

Fit results
and diagnostics

ServiceX A k“If'%Ia.d U [k[ B?t O St.&‘ p if Ne "
uPrOOt y Istogram differentiable Scikit X

Data Selection & From workspaces
access systematic uncertainties to likelihoods

kelih
] '---- coffea Yikelihoods

VEHIU
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