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Scientific data analysis in a nutshell

Scientific data sets often have a hierarchical structure

Parameters of interest (POls) Global nuisance parameters
Inference target (“physics parameters”) Instrument effects (“energy calibration”)

Local nuisance \
parameters
Per-event structure
(“decay channel’) ¢

Events X; @ @ @

Astro-
physics

Particle
physics
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Scientific data analysis in a nutshell

Scientific data sets often have a hierarchical structure

Parameters of interest (POls) Global nuisance parameters

Instrument effects (“energy calibration”)

Local nuisance \
parameters
Per-event structure
(“decay channel’) ¢
sy, () @ ©

Dataset-wide likelihood:

s N
p(xiiz),0.0) = ) p(NIO | [ pilz 0.0,
N=0 /‘ i=1 X

Dataset cardinality

(e.g. Poisson rate)

Events are conditional |ID
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Simulation-driven science

Particle physics:

High-fidelity simulations encode collective
domain knowledge of the past decades

— Sample from p({x}|{z}, ,6)
Simulation-based inference shines!
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Parameter inference

o0 N
p(x}iz)0,0) = Y pN O] [ pil zi.0.6))
N=0

i=1

Bayesian parameter inference:

Does not
compose! Marginalized posterior
for POI
@ '[P(Q |x1)]
)
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& Nuisances
: Per-event marginalized over
. marginalized posteriors
(0 x) Correct inference is inherently
@ »[p N ] dataset-wide!

(In the presence of global nuisance parameters)
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Parameter inference
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Frequentist parameter inference:

Does not
compose! Profile likelihood-ratio
for POI
’[ l) (X)) ]
")
>[ te (XZ) ] Conditional
'ﬁ MLEs
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Per-event
profile likelihood-ratios
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| p({x}lﬁ,éw {2})
p({x}10,0,, {z})

1
K Unconditional MLEs

Correct inference is inherently

dataset-wide!
(In the presence of global nuisance parameters)
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Our question:

Can SBI teach us anything about
dataset-wide parameter inference?



Our approach

Use deep set for dataset-wide SBI

Varying cardinality, local + global nuisance parameters

Approximate

marginalized
@ SCb Permutation-invariant posterior

aggregation E.g. conditional
normalizing flow

@ﬁ[ i \@ ) p(@ 1)
Dataset-wide

@ [ < 5 ] inference network

Per-event .
embedding network Training performed on
“Event reconstruction” / batches of {x}, 0

compression
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Example: varying cardinality

p(6 | {x})

Infer mean vector from events x; drawn from 3-dim normal distribution

A~ NO(/’ttrue’ Ztrue)

Unknown -j &- (Diagonal) covariance

mean vector

Predicted posterior evolution; Deep Set
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Example: “bump hunt”

Narrow “signal” with unknown mass on top of broad “background”

Find posterior on signal fraction, marginalized over signal mass
(global nuisance parameter)

————————— Background No =100
—— Signal + background B¢ye =0.2 Posterior mean
.. 1.0- Signal 0.401 == Truth /9\/o=i%02
= ev, true = 2.0 — Deep set true — Y.
N 0.35-
o 0.5 _
0 3 0.30 Signal strength
O O UL AR ||I|III||||I N TR i %’" COI’I’eCﬂy inferred -
| 2 025
> 1.0 Signal e Y
-E ev,true =0.0
C 0.5 0.20 -oanpaadiyahale/utiynne. o ssuetnttresio
a | A 0.15 - ... for all signal masses
0.0 LIU L0 | T~ ' . . .
=2 0 2 4 —1 0 1 2 3
X True signal position 6, true

"~ Invariant mass-like variable
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Example: “bump hunt”

Narrow “signal” with unknown mass on top of broad “background”

Find posterior on signal fraction, marginalized over signal mass
(global nuisance parameter)

--------- Background No =100
— Signal + background Bye =0.2 Posterior standard deviation
1.0 Signal 0.08- : 6\):9\), nom

ev, true = 2.0

>
e
o
8 05 7 006'
D
0.0 Ly e I S /\_\—_
' $ 0.04
-

> 1.0 Signal — Deep set i
_E ev,true =0.0 i
o 0.5 0.02 i No = 100
n | At : Otrue = 0.2
0.0 IR 1 0.00 . | .
=2 0 2 4 -1 0 1 2 3
X True signal position 8, true

"~ Invariant mass-like variable
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Example: “bump hunt”

Narrow “signal” with unknown mass on top of broad “background”

Find posterior on signal fraction, marginalized over signal mass
(global nuisance parameter)

Posterior standard deviation

0.08 - 6 — 0
’ \ Sl : v Vv, nom
ORI =
Inference 0.06 - i
@ (S—\ S2 et Iglb /\_\—_
— l
ER MO
. J c — Deep set i
s |
-G o Y e
p(o{x}) i Biue = 0.2
Reconstruction 0.00 - ! ;
network -1 0 1 2 3

True signal position 8, true
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Example: “bump hunt”

Narrow “signal” with unknown mass on top of broad “background”

Find posterior on signal fraction, marginalized over signal mass
(global nuisance parameter)

“Ground truth”: MCMC on full

per-event information Posterior standard deviation

0.08- 0 =0
rﬁ Sl i v DV, NOM
@_' id “Statistical |
N atistica 0.06- |
(::) T - i 5 m
—> 1 S |
NG [MCMCJ D 0.04- |
. e — Deep set
| J \ —— MCMC on x
s i I
p(O{x})) i Biue = 0.2
Ivi 0.00 . | .
Trivial % 0 7 3 3

“reconstruction” : "
True signal position 8, true

Deep set achieves optimal accuracy!
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Example: “bump hunt”

Narrow “signal” with unknown mass on top of broad “background”

Find posterior on signal fraction, marginalized over signal mass
(global nuisance parameter)

Common practice in HEP:

Use classifier output for inference Posterior Standard deviation

0.08- ' 9, =0
FT Sl i v, nom
—> 1
@ nom ) “St&tiStinl 0.06 i
— 5 analysis —
@ — Snom S, |
NS (memc S 0.04- :
c - Deep set
J \ —— MCMC on x
p(0 [{x)) Btrue = 0.2
0.00 - | .
-1 0 1 2
CIaSS|f|er trained to separate “nominal” True signal position 8, true

signal from background
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Example: “bump hunt”

Narrow “signal” with unknown mass on top of broad “background”

Find posterior on signal fraction, marginalized over signal mass

(global nuisance parameter)

Common practice in HEP:
Use classifier output for inference

Posterior standard deviation

fﬁ 5, 0.08 E 9\):9\), nom
—> |
O .y “Statistical 0.06 - !
rﬁ s, analysis —
@ — | “marg \ S, |
e [ Mcmc | S 0.04- :
. c - Deep set
. J \ —— MCMC on x
s ]
@ — v 0.021 —e— MCMCoNSnom . = 100
p(0[{x}) —¥— MCMCON Smarg~ Bgrye = 0.2
0.00 - | .
-1 0 1 2
Classifier trained to separate True signal position 6, true

“marginalized” signal from background
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Example: “bump hunt”

classifier to be parameterized o parameter)
w.r.t. all nuisance parameters

(possibly intractably many!)

Use classifier output for inference

To avoid information loss, need marginalized over signal mass

5s on top of broad “background”

Posterior standard deviation

N s 0.08- i 9\):9\), nom
| [
§ l
@ — | ®marg “Sta’iisticsll 0.06 - |
— 5, analysis —
O~ (RS s .
e [ Mcmc | S 0.04- :
. c - Deep set
: J \ —— MCMC on x
\) -
@ —> o 0.021 —a— MCMC on Snom No = 100
p(0[{x}) ~¥— MCMC ON Smarg ~ Bgrye = 0.2
0.00 . | .
-1 0 1 2
Classifier trained to separate True signal position 6, true

“marginalized” signal from background
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What is happening here”?

Deep set can learn arbitrary permutation-invariant functions

— sufficiently expressive to aggressively amortize the
“reconstruction” + inference task

Per-event

embedding network 1) The learned event embeddings are

information-preserving for the POI
@ ( Y — get narrow posteriors
—_

@* IS (2 ) 01
Dataset-wide

@ . [ Sy j N inference network

2) The embeddings are guaranteed to
compose under addition!

— cheap to update posterior estimate with new data
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More complicated example: strong lensing

< Different latent realizations zsyp ~ P(Zsub | Bgiob, Bloc) —

Galaxy lensing

: g - ring -- .
il ! Dark
matter clumps

Strong gravitational lensing
+ dark matter clumps

Global parameters: dark matter clump
population parameters

Local parameters: per-image lensing &
realization of dark matter clumps

No tractable likelihood!

Philipp Windischhofer
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More complicated example: strong lensing

«— Different latent realizations zsyp, ~ P(Zsub | Bglob, Bloc)

Strong gravitational lensing
+ dark matter clumps

Global parameters: dark matter clump

population parameters

Local parameters: per-image lensing &
realization of dark matter clumps

Galaxy lensing

ring -- .

matter clumps

No tractable likelihood!
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Empirical coverage

Uncertainty estimates reliable

Coverage for substructure fraction a
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Frequentist-style inference also works

Deep set can learn arbitrary permutation-invariant functions

— sufficiently expressive to aggressively amortize the
“reconstruction” + inference task

Profile-likelihood
test statistic

@_’[ R j\.@_. P ()

. _J

Dataset-wide
@ [ < 5 JSN network

Per-event
embedding network

Event embeddings continue to
compose under addition

— cheap to update test statistic with new data
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Frequentist-style “on/off problem”

Mixture of Gaussians with different strengths

P(X) = Hg Dsig(X) + Hpicg Poicg(X)

Lo Lo

U
Parameter Global nuisance
of interest parameter

Learned test statistic

True profile-likelihood
test statistic
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Summary and outlook

Dataset-wide SBI works reliably in the presence of
local and global nuisance parameters (as others have also shown))

Learned event embedding is
information-preserving for parameter of interest ...

@ — [ S ¢ j — (Without requiring parameterization in terms of nuisance parameters!)

... composes under addition ...

(Trivial to update inference on larger dataset!)

... and enables Bayesian and Frequentist
p(@ ‘{ x}) amortized parameter inference.

More information: [arXiv:2306.12584]
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https://arxiv.org/abs/2306.12584

