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Differentiable Simulation

X~ N(u,o)



Differentiable Simulation

X~ N(u,o)

'

X = np.random.normal (mu,sigma)



Differentiable Simulation

X~ N(u,o)

'

X = np.random.normal (mu,sigma)

'

RemOved Z = np.random.uniform(0,1)
randomness from x = sigma*Phiinv(z)+mu
S|m U |atOr (Phiinv = inverse Gaussian CDF)



Differentiable Simulation

Removed
randomness from
simulator

X~ N(u,o)

'

X = np.random.normal (mu,sigma)

'

Z = np.random.uniform(0,1)
X = sigma*Phiinv (z)+mu

(Phiinv = inverse Gaussian CDF)

Now, can compute

d/du and d/do



Differentiable Simulation

Removed
randomness from
simulator

X~ N(u,o)

'

X = np.random.normal (mu,sigma)

'

Z = np.random.uniform(0,1)
X = sigma*Phiinv (z)+mu

(Phiinv = inverse Gaussian CDF)

Now, can compute

d/du and d/do

We can then do:
oSim
ou

sim(ug + €) = sim(yy) + €



Differentiable Simulation
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Why event moving?

Often, we generate many
simulations with different
parameters (templates) and
fit them to data.

We also often have to
use histograms in order
to interpolate.

With event moving, we can
iInterpolate iIn many
dimensions and eliminate
MC stat. uncertainties!
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A brief word on Autodiff
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Towards a differential parton shower

- iR R

variable (unbounded) number of random
numbers. Let’s start with “Discrete QCD”
where the number is fixed.

Images from 2207.10694; algorithm from Nuclear Physics B 463 (1996) 217



Towards a differential parton shower
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Towards a differential parton shower

Thrust (Ecps = 91.2 GeV)
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Other Examples

(no surrogates - see my talk from yesterday)

MadFlow time for 1M events
pp - ttgg (267 diagrams)

NVIDIA RTX A6000 48GB
NVIDIA V100 32GB

Titan V + RTX 2080 Ti S l

NVIDIA RTX 2080 Ti 12GB peed '
NVIDIA Titan V 12GB

AMD Radeon VIl 16GB

AMD EPYC 7742 64 cores 2TB
E5-2698 20 cores 256GB
19-9980XE 18 cores 128GB
AMD 2990WX 32 cores 128GB
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MadFlow 2106.10279, MadJax 2203.00057



hinking of our simulations
as differentiable is a new and
powerful paradigm.

We can do optimal
inference and run our
codes on accelerators

“tor free”.

How far can we push this”? Particle-level simulators,
detector-level simulators? Analysis code”? [see LR]

“inference-aware learning”


https://iml-wg.github.io/HEPML-LivingReview/
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