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A brief introduction to NSBI and NLRE

¢ What is Neural Simulation-Based Inference?!!!

* The core idea is to utilize NNs as estimators (surrogates) for the likelihood/posterior
* How does that affect a typical workflow? (simplifying greatly)
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A brief introduction to NSBI and NLRE

» What is Neural Simulation-Based Inference?!"
® The core idea is to utilize NNs as estimators (surrogates) for the likelihood/posterior
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* What does NSBI offer?
® Main point: increase in statistical power:
* According to the Neyman—Pearson lemma, the
likelihood ratio is the most powerful* test statistic
(and that is what NSBI aims to obtain)

* No dimensionality reduction of datasets required
* No averaging of information across bins**

THIS IS TRUTH

we should be talking about sufficiency. this has been simplified in the interest of time  **If performing unbinned fits
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* What does NSBI offer?
® Main point: increase in statistical power:
* According to the Neyman—Pearson lemma, the
likelihood ratio is the most powerful* test statistic
(and that is what NSBI aims to obtain)

* No dimensionality reduction of datasets required
* No averaging of information across bins**

THIS IS TRUTH

* What is Neural Likelihood Ratio Estimation (NLRE)?
* A flavor of NSBI where the probability ratios are estimated via NNs and used to form the likelihood model
* In this talk we will refer to NLRE interchangeably with Calibrated Classifiers (CARL)IZI method
* Here, NN binary classification scores are leveraged to extract probability ratios

we should be talking about sufficiency. this has been simplified in the interest of time  **If performing unbinned fits



NLRE in High Energy Physics

* Why is NLRE well-suited for HEP applications:

* Easily constructed likelihoods for HEP inference problems

¢ E.g. combining multiple classifiers to obtain a composite likelihood for EFT-style mixture fits
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NLRE in High Energy Physics

* Why is NLRE well-suited for HEP applications:
* Easily constructed likelihoods for HEP inference problems
¢ E.g. combining multiple classifiers to obtain a composite likelihood for EFT-style mixture fits

* Well behaved training and an “easy” training objective:

® Unlike NLE/NPE methods, binary classifiers do not need to learn a true density
* Thus, there is no need to learn normalization which is the hardest component of density estimation




NLRE in High Energy Physics

* Why is NLRE well-suited for HEP applications:
* Easily constructed likelihoods for HEP inference problems
¢ E.g. combining multiple classifiers to obtain a composite likelihood for EFT-style mixture fits

* Well behaved training and an “easy” training objective:

¢ Unlike NLE/NPE methods, binary classifiers do not need to learn a true density
* Thus, there is no need to learn normalization which is the hardest component of density estimation
* Practically, NLRE is “promoted” to NLE by the the common reference factoring out of the likelihood
or its exact cancellation in profile likelihood fits
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NLRE in High Energy Physics

* Why is NLRE well-suited for HEP applications:
* Easily constructed likelihoods for HEP inference problems
* Well behaved training and an “easy” training objective

* What are the challenges with NLRE?
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NLRE in High Energy Physics

* Why is NLRE well-suited for HEP applications:
* Easily constructed likelihoods for HEP inference problems
* Well behaved training and an “easy” training objective

* What are the challenges with NLRE?
* Exposed to any issues in estimator quality:

* Derived ratios need to be of very high quality in order to
perform an unbinned fit

* Composite likelihoods mean that the errors compound!
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NLRE in High Energy Physics

* Why is NLRE well-suited for HEP applications:
* Easily constructed likelihoods for HEP inference problems
* Well behaved training and an “easy” training objective

* What are the challenges with NLRE?
* Exposed to any issues in estimator quality:

* Derived ratios need to be of very high quality in order to
perform an unbinned fit

* Composite likelihoods mean that the errors compound!
¢ Handling training and bookkeeping:
* Training and inference still need to happen on very large
scales (of HEP datasets)
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NLRE in High Energy Physics

* Why is NLRE well-suited for HEP applications:
* Easily constructed likelihoods for HEP inference problems
* Well behaved training and an “easy” training objective

* What are the challenges with NLRE?

* Exposed to any issues in estimator quality:

* Derived ratios need to be of very high quality in order to

ESTIMATORS{
perform an unbinned fit
* Composite likelihoods mean that the errors compound!
¢ Handling training and bookkeeping:
* Training and inference still need to happen on very large

scales (of HEP datasets)
e We need to train multiple estimators
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NLRE in High Energy Physics

* Why is NLRE well-suited for HEP applications:
* Easily constructed likelihoods for HEP inference problems
* Well behaved training and an “easy” training objective

. SYSTEMATICS 000 000
* What are the challenges with NLRE?
* Exposed to any issues in estimator quality: ESTIVATORS
* Derived ratios need to be of very high quality in order to

perform an unbinned fit
* Composite likelihoods mean that the errors compound!
¢ Handling training and bookkeeping:
* Training and inference still need to happen on very large
scales (of HEP datasets)
* We need to train multiple estimators, learn the systematics
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NLRE in High Energy Physics

* Why is NLRE well-suited for HEP applications:
* Easily constructed likelihoods for HEP inference problems o {
* Well behaved training and an “easy” training objective ‘ oeo

SYSTEMATICS
* What are the challenges with NLRE?

* Exposed to any issues in estimator quality:
* Derived ratios need to be of very high quality in order to
perform an unbinned fit
* Composite likelihoods mean that the errors compound!

ESTIMATORS

¢ Handling training and bookkeeping:
* Training and inference still need to happen on very large
scales (of HEP datasets)
* We need to train multiple estimators, learn the systematics,
train via k-fold cross-validation

- 1 |
£ (9 |:cz) const. p(x,|9)m B




NLRE in High Energy Physics

* Why is NLRE well-suited for HEP applications: FRSEMEBLES

* Easily constructed likelihoods for HEP inference problems )
FOLDS

* Well behaved training and an “easy” training objective

SYSTEMATICS
* What are the challenges with NLRE?

* Exposed to any issues in estimator quality:
, . , o ESTIMATORS
* Derived ratios need to be of very high quality in order to

perform an unbinned fit

* Composite likelihoods mean that the errors compound!
¢ Handling training and bookkeeping:
* Training and inference still need to happen on very large
scales (of HEP datasets)

* We need to train multiple estimators, learn the systematics,
train via k-fold cross-validation, and ensemble

- 1 |
£ (9 |:cz) const. p(x,|9)m B




NLRE in High Energy Physics

.r-.ri ..... ENE EEE
. . . q ENSEMBLES
* Why is NLRE well-suited for HEP applications: : é‘é‘* T §
* Easily constructed likelihoods for HEP inference problems e
* Well behaved training and an “easy” training objective A
. SYSTEMATICS
* What are the challenges with NLRE?
* Exposed to any issues in estimator quality:
ESTIMATORS

* Derived ratios need to be of very high quality in order to
perform an unbinned fit

T |
* Composite likelihoods mean that the errors compound; * Finally, for inference the flow through this DAG needs to

* Handling training and bookkeeping: “reverse” as it requires aggregation over all these NNs!

* Training and inference still need to happen on very large
scales (of HEP datasets)
* We need to train multiple estimators, learn the systematics,

train via k-fold cross-validation, and ensemble
» These costs are multiplicative, but parallelizable!
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needle-sbi: solving the practical deployment of NSBI in HEP

* needle-sbi* is a workflow orchestrator for large-scale NSBI in HEP:

e Unified DAG execution with either LAW!! or b2luigi!! :
it stitches the models together!



https://indico.cern.ch/event/1471803/contributions/6968231/

needle-sbi: solving the practical deployment of NSBI in HEP

* needle-sbi is a workflow orchestrator for large-scale NSBI in HEP:

e Unified DAG execution with either LAW!! or b2luigi[4] :
it stitches the models together!

* [t combines efficient memory usage and data loading with dask/PyTorch
* Allows for parallel and vectorized NN model evaluation
® Supports the common workload managers for HTC/HPC:

e HTCondor, Slurm, LSF

Processed Data NN estimator(s) Likelihood/Posterior Test Statistic \\\
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Calibration and classifier error decomposition

* Classifier error/loss decomposes into 3 terms:

E[KL(Y | S)] = E[KL(Y||S")] + E[KL(S*||C)] + E[KL(C| S)]
irred‘&:ible group%g,GL Calibr;trion,CL

 Grouping loss GL!® is the consequence of the classifier mapping two events epsilon-close in their scores when they shouldn’t be

] training - epoch 4

Total excess + floor = Calibration loss # Grouping loss = Irreducible

1.079 0.161 0.469 0.450

1.50
1.25
1.00
0.75
0.50
0.25
0.00

expected log loss (nats)

training calibration

* Above KL is the Kullback—Leibler divergence, L the loss (e.g. BCE or Brier), C(z) = E[Y|S(X)]
S, f(x), s(z) =0 [f (CE)] the classifier, its logit and score output, S*Bayes-optimal classifier and £ its loss
g (f (IE)), §(ZL') =0 [g( f (.’I?))]post—hoc (via calibration map g) calibrated classifier

e -————



Calibration and classifier error decomposition

* Classifier error/loss decomposes into 3 terms:

E[KL(Y | S)] = E[KL(Y||S")] + E[KL(S*||C)] + E[KL(C| S)]
irred‘&zible groul;igg,GL calibr;trion,CL

 Grouping loss GL!® is the consequence of the classifier mapping two events epsilon-close in their scores when they shouldn’t be

{ training - epoch 15

Total excess + floor = Calibration loss # Grouping loss #= Irreducible

Bt 37 0.055 B.252 0.450

1.50
1.25
1.00
0.75
0.50
0.25
0.00

expected log loss (nats)

training calibration

* Above KL is the Kullback—Leibler divergence, L the loss (e.g. BCE or Brier), C(z) = E[Y|S(X)]
S, f(x), s(z) =0 [f (CU)] the classifier, its logit and score output,S*Bayes-optimal classifier and £* its loss
g (f (x)), 5(.%') =0 [g( f (x))]post—hoc (via calibration map g) calibrated classifier




Calibration and classifier error decomposition

* Classifier error/loss decomposes into 3 terms:

E[KL(Y | S)] = E[KL(Y||S")] + E[KL(S*||C)] + E[KL(C| S)]
irred‘&zible groul;igg,GL calibr;trion,CL

 Grouping loss GL!® is the consequence of the classifier mapping two events epsilon-close in their scores when they shouldn’t be

® training - epoch 23

Total excess + floor = Calibration loss # Grouping loss ® Irreducible

0.717 0.078 ©.189 0.450

1.50
1.25
1.00
0.75
0.50
0.25
0.00

expected log loss (nats)

training calibration

* Above KL is the Kullback—Leibler divergence, L the loss (e.g. BCE or Brier), C(z) = E[Y|S(X)]
S, f (x)7 s(z) =0 [f (fU)] the classifier, its logit and score output,S*Bayes-optimal classifier and £* its loss
g (f (x)), 5(.%’) =0 [g( f (x))]post—hoc (via calibration map g) calibrated classifier




Calibration and classifier error decomposition

* Classifier error/loss decomposes into 3 terms:

E[KL(Y | S)] = E[KL(Y||S")] + E[KL(S*||C)] + E[KL(C| S)]
irred\urcible groul;i;g,GL calibr;trion,CL

 Grouping loss GL!® is the consequence of the classifier mapping two events epsilon-close in their scores when they shouldn’t be

® training - epoch 44

Total excess + floor = Calibration loss # Grouping loss = Irreducible

0.719 B.137 0.133 0.450

1.50
1.25
1.00
0.75
0.50
0.25
0.00

expected log loss (nats)

training calibration

* Above KL is the Kullback—Leibler divergence, L the loss (e.g. BCE or Brier), C(z) = E[Y|S(X)]
S, f (55)7 3<$) =0 [f (55)] the classifier, its logit and score output,S*Bayes-optimal classifier and £* its loss
g (f (33)), g(x) =0 [g( f (x))]post—hoc (via calibration map g) calibrated classifier




Calibration and classifier error decomposition

* Classifier error/loss decomposes into 3 terms:

E[KL(Y | S)] = E[KL(Y||S")] + E[KL(S*||C)] + E[KL(C| S)]
irred\urcible groul;igg,GL calibr;trion,CL

* Grouping loss GL!® is the consequence of the classifier mapping two events epsilon-close in their scores when they shouldn’t be

® calibration - A = 0.00

Total excess + floor = Calibration loss # Grouping loss # Irreducible

0.722 0.148 0.123 0.450

1.50
1.25
1.00
0.75
0.50
0.25
0.00

expected log loss (nats)

training calibration

* Above KL is the Kullback—Leibler divergence, L the loss (e.g. BCE or Brier), C(z) = E[Y|S(X)]
S, f (fE)a § (37) =0 [f (55)] the classifier, its logit and score output,S*Bayes-optimal classifier and £* its loss
g (f (513)), g(x) =0 [g( f (ZB))]post—hoc (via calibration map g) calibrated classifier




Calibration and classifier error decomposition

* Classifier error/loss decomposes into 3 terms:

E[KL(Y | S)] = E[KL(Y||S")] + E[KL(S*||C)] + E[KL(C| S)]
irre&&:ible groul;igg,GL calibr;‘gon,CL

* Grouping loss GL!® is the consequence of the classifier mapping two events epsilon-close in their scores when they shouldn’t be

@ calibration - A = 0.16

Total excess + floor = Calibration loss # Grouping loss #= Irreducible

0.699 0.124 0.125 0.450

1.50
1.25
1.00
0.75
0.50
0.25
0.00

expected log loss (nats)

training calibration

* Above KL is the Kullback—Leibler divergence, L the loss (e.g. BCE or Brier), C(z) = E[Y|S(X)]
S, f (fE)a § (37) =0 [f (55)] the classifier, its logit and score output,S*Bayes-optimal classifier and £* its loss
g (f (513)), g(x) =0 [g( f (x))]post—hoc (via calibration map g) calibrated classifier

e -———



Calibration and classifier error decomposition

* Classifier error/loss decomposes into 3 terms:

E[KL(Y | S)] = E[KL(Y||S")] + E[KL(S*||C)] + E[KL(C| S)]
irred‘urcible groul;igg,GL calibr;‘gon,CL

* Grouping loss GL!® is the consequence of the classifier mapping two events epsilon-close in their scores when they shouldn’t be

® calibration - A = 1.00

Total excess + floor = Calibration loss # Grouping loss = Irreducible

0.382 0.000 ©.132 0.450

1.50
1.25
1.00
0.75
0.50
0.25
0.00

expected log loss (nats)

training calibration

* Above KL is the Kullback—Leibler divergence, L the loss (e.g. BCE or Brier), C(z) = E[Y|S(X)]
S, f (517)7 § (37) =0 [f (55)] the classifier, its logit and score output,S*Bayes-optimal classifier and £* its loss
g (f (513)), g(x) =0 [g( f (x))]post—hoc (via calibration map g) calibrated classifier

e -——



Calibration and classifier error decomposition

* Classifier error/loss decomposes into 3 terms:

E[KL(Y | S)] = E[KL(Y||S")] + E[KL(S*||C)] + E[KL(C| S)]
irred‘&:ible group'ﬁg,GL Calibr;trion,CL

e Grouping loss GL!%! is the consequence of the classifier mapping two events epsilon-close in their scores when they shouldn’t be

* For a given post-hoc calibration map g that acts on the classifier outputs alone:

gof is a function of f = GL(gof) > GL(f)

* Above KL is the Kullback—Leibler divergence, L the loss (e.g. BCE or Brier), C(z) = E[Y|S(X)]
S, f(x), s(z) = U[f(iﬁ)] the classifier, its logit and score output, S*Bayes-optimal classifier and £ its loss
g(f(x)), 5(117) = 0[g<f(.’13))]post—hoc (via calibration map g) calibrated classifier

e -———



Calibration and classifier error decomposition

* Classifier error/loss decomposes into 3 terms:

E[KL(Y | S)] = E[KL(Y||S")] + E[KL(S*||C)] + E[KL(C| S)]
irred‘&:ible group'ﬁg,GL Calibr;trion,CL

e Grouping loss GL!%! is the consequence of the classifier mapping two events epsilon-close in their scores when they shouldn’t be

* For a given post-hoc calibration map g that acts on the classifier outputs alone:

gof is a function of f = GL(gof) > GL(f)

* Even an ideal post-hoc calibration map that fully eliminates the calibration loss (CL), leaves GL is at best unchanged

CL — 0 (ideal post-hoc g) = L(gof )—L* — GL(f)

* This means that if GL is present, the Neyman-Pearson lemma optimality argument (or sufficiency of the probability ratio)
collapses and this classifier sub-optimality cannot be removed by post-hoc calibration

* Above KL is the Kullback—Leibler divergence, L the loss (e.g. BCE or Brier), C(z) = E[Y|S(X)]
S, f(x), s(z) = U[f(iﬁ)] the classifier, its logit and score output, S*Bayes-optimal classifier and £ its loss
g(f(x)), 5(117) = 0[g<f(.’13))]post—hoc (via calibration map g) calibrated classifier

e -———



Post-hoc Calibration vs Fine-tuning

[ SIGMOID |

| OUTPUT LOGITS f(x) |

BASE MODEL

[ INPUT FEATURES (x) ]




Post-hoc Calibration vs Fine-tuning

| SIGMOID |
[ SIGMOID | t
t g8(fx)

| OUTPUT LOGITS f(x) | ]
| OUTPUT LOGITS f(x) |

?

POST
BASE MODEL LU LINLINCE,
BASE MODEL
(FROZEN)
[ INPUT FEATURES (x) |

| INPUT FEATURES (v) |

“Traditional” post-hoc methods:
e Platt scaling[6]
e [sotonic Regression
° G—layersls]

[7]

e ...
They only transform models’ outputs




Post-hoc Calibration vs Fine-tuning

| SIGMOID | | SIGMOID |
[ SIGMOID | t t
t 8(fx) MLP(f(x), f,(x))
| OUTPUT LOGITS f(x) | ¥ F
| OUTPUTLOGITSfix) || || OUTPUT LOGITS fix) |
t t
POST
BASE MODEL TRAINING
BASE MODEL BASE MODEL
(FROZEN) (FROZEN)
[ INPUT FEATURES (x) | ¥ J
INPUT FEATURES (x) || ([ INPUT FEATURES (x) |

“Traditional” post-hoc methods:

i o106l c
o Platt scaling : “Generalized” g-layers:
e [sotonic Regression[ |

8] MLP now also hooks into base model’s
e G-layers classification head

e ...
They only transform models’ outputs




Post-hoc Calibration vs Fine-tuning

[ SIGMOID | [ SIGMOID |
[_SIGMOID | t 1 [_SIGMOID |
t 8(fx)) MLP(f(x), f,(x) 1
| OUTPUT LOGITS f(x) | 7 7 | OUTPUT LOGITS f(x) |
| OUTPUTLOGITSfix) || |[ OUTPUT LOGITS fix) | “
f @
i |
BASE MODEL DI — D
MRS || AR mE
ASE MODEL (FROZENl
ADAPTERS
[ INPUT FEATURES (x) | ¥ } [ INPUT FEATURES (x) |
INPUT FEATURES (x) || [ INPUT FEATURES (x) |
“Traditional” post-hoc methods: . .
| i l[)6] . Adapter-based model modification:
o Platt scaling . “Generalized” g-layers:
* Isotonic Regression[ ] MLP now also hooks into base model’s Low-rank adapters[9] (LoRA) are injected
. G—layersls] T into base model’s linear transformations’
° matrices

They only transform models’ outputs




Post-hoc Calibration vs Fine-tuning

[ SIGMOID | [ SIGMOID ]
[ SIGMOID | t t [ SIGMOID |
t 8(fx)) MLP(f(x), f,(x)) i
| OUTPUT LOGITS f(x) | ] ¥ | OUTPUT LOGITS f(x) |
| OUTPUTLOGITSf(x) | | OUTPUT LOGITS f(x) | ]
: ; | @
POST \
BASE MODEL, | RAINING . | [ .
BASE MODEL BASE MODEL ‘ ]
(FROZEN) (FROZEN) k ==
ASE MODEL (FROZEN
ADAPTERS
[ INPUT FEATURES (x) | J ¥ [ INPUT FEATURES () |
| INPUT FEATURES (x) | [ INPUT FEATURES (x) |

METHOD CAPACITY AND BASE MODEL CORRECTION CEILING ‘

“Traditional” post-hoc methods:

6] Adapter-based model modification:
o Platt scaling : “Generalized” g-layers:
e [sotonic Regression[ | MLP now also hooks into base model’s Low-rank adaptersm (LoRA) are injected
. G—layers[s] T into base model’s linear transformations’
o matrices

They only transform models’ outputs




Experiment setup

We used FAIR Universe HiggsML
Uncertainty Challenge dataset!'"!
Classification problem:

Z1t versus others (Htr, ttbar, diboson)

A

4 Raw Data Processed Data

Likelihood/Posterior

Misiied Test Statistic

A= e qe(fobs) = s

v U




Experiment setup

Base model setups:

e Permutationally equivariant transformer-based
models w.r.t particle ordering

e Use only kinematic features as inputs

We used FAIR Universe HiggsML
Uncertainty Challenge dataset!'"!
Classification problem:

Z1t versus others (Htr, ttbar, diboson)

A

S
\G<:

)
!

7

We run everything fully automated by needle-sbi!

/4 Raw Data \ Likelihood/Posterior Test Statistic
Model
A= e qe(fo,,s) =

v U




Experiment setup

« We track a large number of relevant metrics*!'!! for each NN and each calibration method:

Likelihood/Posterior
Model

Raw Data Processed Data Test Statistic

A= e qe(fn,,s) = s

v U




Experiment setup

« We track a large number of relevant metrics*!'!! for each NN and each calibration method:

Classifier quality: Brier Score

1 2
BS = > ;wi (s(x;) — i)

Likelihood/Posterior

Raw Data Test Statistic

Model
p(x|8,a) = ... ) =
1sted here are only the metrics directly relevant to this talk’s content 35




Experiment setup

« We track a large number of relevant metrics*!'!! for each NN and each calibration method:

Classifier quality: Brier Score Calibration quality:

1 9 (Adaptive/Averaged) Expected
A S w; Z w; (8(2i) — i) calibration error
; Wi —

total total
ECE — Zbebins Wy ‘yb — S
Zbebins Wy

Likelihood/Posterior
Model

Raw Data Processed Data Test Statistic

qe(xobs) =...

1sted here are only the metrics directly relevant to this talk’s content 36




Experiment setup

« We track a large number of relevant metrics*!'!! for each NN and each calibration method:

1o NEEDLE si Reliability Diagram FAIR Universe HiggsML
Classifier quality: Brier Score Calibration quality: A
)
1 9 (Adaptive/Averaged) Expected s
BS = S w, E :wi (s(wi) — i) calibration error
7 0t 3 o
total g °° "
ECE — > bebins Wh ‘yb — S i w,,,»"”
> bebins W s . \
;- e
32 2 M -
35 o Y R L S i
0% L sl LI B ) T
&° = hm
N | J+|
Raw Data Processed Data Likelihlc\)/;)(()ié Ie’losterjor Test Statistic e '
p(x/0,) = 9 = k.

1

) 0.0

J 0.0 0.2 0.4 0.6 0.8 10
B Mean NN Score (weighted, per bin)

§ e
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the metrics directly relevant to this talk’s content

1sted here are on




Experiment setup

« We track a large number of relevant metrics*!'!! for each NN and each calibration method:

Classifier quality: Brier Score Calibration quality: Ratio Estimation quality:

1 9 (Adaptive/Averaged) Expected C .
BS = Z w; (8(:) — Yi) calibration error Reweighting Tests
Zi W; = For each feature: Wasserstein-1 distance (EMD)
D bebins Wh ‘ngtal — giotal between distributions of the target and source after

ECE =

reweighting by the estimated prob. ratio

Zbebins Wy

Likelihood/Posterior

Raw Data Processed Data
Model

Test Statistic

qe(xobs) R

p(x|0,a) = ...

1sted here are only the metrics directly relevant to this talk’s content

38



Experiment setup

« We track a large number of relevant metrics*!'!! for each NN and each calibration method:

Classifier quality: Brier Score Calibration quality: Ratio Estimation quality:

1 9 (Adaptive/Averaged) Expected C .
BS = Z w; (8(:) — Yi) calibration error Reweighting Tests
Zi W; = For each feature: Wasserstein-1 distance (EMD)
D bebins Wh ‘ngtal — giotal between distributions of the target and source after

ECE =

reweighting by the estimated/prob. ratio
D bebins W
LIS NEEDLE _simulation Reweighting of jetypor FAIR Universe HiggsML
Class 0
—— Class 1 (raw)
10-1 \ —— Class 1 (reweighted)
1072
£
% 1073
% 10™
E
2
10-°
s A —
Raw Data Processed Data Likelihood/Posterior Test Statistic
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Experiment setup

« We track a large number of relevant metrics*!'!! for each NN and each calibration method:

Classifier quality: Brier Score Calibration quality: Ratio Estimation quality:
1 9 (Adaptive/Averaged) Expected C .
— ‘ N — . . Reweighting Tests
BS = w; (s(zi) — i) calibration error s ) .
Zi W; = For each feature: Wasserstein-1 distance (EMD)
> peting Wh ‘ytOtal — el between distributions of the target and source after
ECE = bebins b b
- Z wy reweighting by the estimated prob. ratio
bebins
Asimov Fit Tests:
Simple 1-parameter signal injection test between 2
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Vtotal = C * V1 + U
p(zlc) = ¢ plzly = 1) + p(zly = 0)
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p.) = .. o) =
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Results: calibration versus asimov fits

We compare: base model versus several
calibrated/fine tuned variants

Shown are aggregated results over
ensembles x folds
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Results: calibration versus asimov fits

We compare: base model versus several

calibrated/fine tuned variants

Shown are aggregated results over
ensembles x folds
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Results: calibration versus asimov fits

NEEDLE Simulation
FairUniverse.HiggsML Signal strength fit vs injected value

We compare: base model versus several

calibrated/fine tuned variants Lo e tomlyeld ;
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Results: calibration versus asimov fits

NEEDLE Simulation
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Results: calibration versus asimov fits

NEEDLE Simulation
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Results: calibration versus asimov fits

NEEDLE Simulation
We compare: base model versus several fairniverse MiggsM. _ Signal strength fit vs injected value
calibrated/fine tuned variants Lo vl }‘f
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In-depth exploration of the adapter-based method
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In-depth exploration of the adapter-based method

[ SIGMOID | [ SIGMOID |
?
| OUTPUT LOGITS f(x) | | OUTPUT LOGITS f{x) |

A

If this method can improve models after BASE MODEL TRAINING —

training, can it also make general —
classifier training more practical?

| P
POST
@

e
ADAPTERS

ASE MODEL (FROZENX

| INPUT FEATURES (x) | | INPUT FEATURES (x) |

Test setup:

e Base models trained on different sized datasets, keeping their architecture constant

e For each NN, a set of adapters was fitted to it
o We kept the adapter architecture and total training cost constant to better control the test
e The total dataset size adapters were allowed to train was gradually increased

e As control we calibrated each model with isotonic regression
e [sotonic regression was the best performing of the post-hoc methods we explored
e The dataset size isotonic was fitted with is the same as the lowest-dataset size adapter

e The plots that follow show the results of aggregated metrics across all NNs (over folds x ensemble members)




Results: base models versus calibrated/refined variants (Brier score)
True x-axis positions
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Results: base models versus calibrated/refined variants (Brier score)

NEEDLE Simulation

Fair Universe HiggsML Model Improvement with LoRA Fine Tuning/Calibration
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Results: base models versus calibrated/refined variants (AECE)

NEEDLE Simulation

Fair Universe HiggsML Model Improvement with LoRA Fine Tuning/Calibration
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Results: base models versus calibrated/refined variants
(reweighting EMD aggregates, minority—majority class)

NEEDLE Simulation
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Results: base models versus calibrated/refined variants
(reweighting EMD aggregates, majority—minority class)
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Results: base models versus calibrated/refined variants
A better view of the comp. costs and training events

NEEDLE Simulation NEEDLE Simulation
Fair Universe HiggsML Averaged ECE Fair Universe HiggsML Iog EMD aggregate
o 6M base model o  6M base model
o 4M base model . @ o 4M base model . @
a4 3M base model 4x1073 a2 3M base model 01
¢ 1.5M base model ¢ 1.5M base model
v 375k base model v 375k base model
+ 500k base model l:l @ . + 500k base model . @ .
o Control isotonic calibration 3X10 o  Control isotonic calibration -0.2
=03

1031 2x1073

seeW
o®

1034

s W
OO

Estimated total training compute cost (TFLPs)
Estimated total training compute cost (TFLPs)

-0.5 =
FWOYY 2R A A / S
@ 1073 @ —0.6 é
3, - g, *
: : g
=
6Xx10 H
o) ) s |23
, ; =

' 2Total ev3ents in t‘r‘aining (I\Sllillions) ° ’ ! ’ Total e\/3ents in t:aining (I\S;Iillions) ° ’ v

e -————



Conclusions

* Obtaining high-quality, reliable probability ratios can require more than just removing the calibration error
® Post-hoc methods cannot reduce grouping loss, unlike methods which have access to the base model
* One way to determine the effect of grouping loss is to compare model improvement |based on post-hoc and refinement methods
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Conclusions

* Obtaining high-quality, reliable probability ratios can require more than just removing the calibration error
® Post-hoc methods cannot reduce grouping loss, unlike methods which have access to the base model
* One way to determine the effect of grouping loss is to compare model improvement based on post-hoc and refinement methods

* Adapter-based model modification can also be used to improve a typical NLRE workflow
® Observed behaviour also strongly indicates base model training\t fine-tuning performs better than one-shot model training
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Conclusions

* Obtaining high-quality, reliable probability ratios can require more than just removing the calibration error
® Post-hoc methods cannot reduce grouping loss, unlike methods which have access to the base model
* One way to determine the effect of grouping loss is to compare model improvement based on post-hoc and refinement methods

* Adapter-based model modification can also be used to improve a typical NLRE workflow
® Observed behaviour also strongly indicates base model training + fine-tuning performs better than one-shot model training

* Probability ratio estimation also allows us to obtain likelihoods directly via DRDPM
* Fast and works even in cases when there’s a lack of support between the classes
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Stay tuned: many updates and a preprint coming out soon!

Calibration paper preprint Updates to needle-sbi pllblic release in the pipeline:
e b2luigi and python API for needle-sbi
e NLRE Calibration and validation package

Refining Reliable Likelihood Ratio Estimators: e DRPDM package

From Calibration To Grouping Less Check out our GitHub and Website!
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needle-sbi: data loading speed benchmark

needle-sbi data loading speed benchmarks:
e Reading from ROOT files and from parquet files

e With two variants for parquet: one with and one without parsing in the array shape before data loading (ak-vs-dak*)
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needle-sbi: parallel and vectorized model evaluation

SEQUENTIAL — Time vs Network Parameters (all series)
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DAG scheme* for NN training and calibration downstream tasks
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*Technically what 1s shown in a sketch of a flow diaeram. the DAG structure is inverted compared to this
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The “Buffet” of Calibration (Model Improvement) Methods

Sketch of different methods’ hypothetical performance improvement ceilings and base model modification:
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Grouping loss, example with Brier score
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label best possible best from the score what the network outputs

S*=E [Y ’ X ] is the Bayes-optimal classifier, _
S = E[Y ‘ S} is the ideally calibrated classifier S=E [S* { S] :>[ GLg = E [Var(S* } S)]]
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A bit more on “generalized” g-layers

« Upsides: | SIGMOID |
* Cheaper to train than LoRAs, but also has the ability to reduce grouping error f
* Due to their implementation they can “more sharply” adjust the base model behavior MLPGC, 1,69
* Not in competition with LoRA, but rather serves as complementary method: [ ouUTPUT ITOGITS 7]
* When a large, but smooth correction is needed, LoRAs shine
* When a sharp refinement is needed, generalized g-layers are better (and more data efficient)
* Downsides: BASE MODEL
(FROZEN)

» Prone to overfitting, needs careful control of parameters
* If the damage to the model is done “early on”, i.e. is the errors stem from the attention blocks,
then this method can’t correct much

[ INPUT FEATURES (x) |




Asimoyv fit setup in bit more detail

Model and likelihood:
ve(r) = cri(x) + wvo(x)
E; ~ lter(@), (o) = g; _ 1f<f<)x> e
“vInL(c) = Ctrue Z w; 1n(1+c ri) +Z w; 1n(1—|—cm) — ¢ W1 + const
1€classl i€class0

» Connection to Fisher information

Saturation into a “counting experiment",
simplified explanation

I4
14+cr er>1 ¢

0 r 1 7"2
—In(l+cr) = > — I —
dc ( > (Ctrue) / Y0 14 Cirue T Ctrue—0




Bonus: diagnosing your model with post-calibration performance checks
(calibration/refinement as a form of validation!)

NEEDLE Simulation
FAIR Universe HiggsML

BASE MODEL
PLATT

G-LAYERS <

“GENERALIZED”
G-LAYERS 7

ISOTONIC <

LoRA <

5@ o =y o
g 2 2 S
i3 X Q% (ot < <o
& e AT e e
o & o S
<« 8° e

0.014
+0.000144

0.014
+0.000133

0.014
+0.000133

0.014
+0.000133

+0.000133

0.0138
+0.000139

0.0138
+0.000139

0.0138
+0.000136

0.014
+0.000133

0.014
+0.000133

0.0137
+0.000137

0.0135
+0.000136

0.00225
+0.00113

0.000288
+0.000331

0.000301
+0.000237

0.000298
+0.000154

0.00032
+0.00016

0.000916
+0.000377

0.00131
+0.000872

0.00066
£0.000181

0.000408
+0.000122

0.000421
+0.000149

0.000578
+0.00016

0.000526
+0.000161

0.000423
+0.000156

0.00044
+0.000148

0.000628
£0.000266

0.000602
+0.000229

0.000475
+0.000217

0.00153
+0.000862

0.000729
+0.000263

0.000496
+9.17e-05

0.000522
£0.000121

0.000626
+0.000188

0.000577
+0.000188

0.000531
+0.000163

0.00056
+0.000108

0.000643
+0.000219

0.000525
+4.88e-05

0.000497
+4.69e-05

0.000696
+0.000245

0.000657
+0.000185

0.0474
+0.0383

0.0577
+0.05

0.0611
+0.0457

0.0531
+0.0371

0.0496
+0.0391

0.0817
+0.0679

0.1
+0.157

0.172
+0.11

0.154
+0.0956

©®

-0.474
+0.188

-0.454
+0.177

-0.449
£0.185

-0.443
+0.195

-0.454
+0.176

-0.103
+0.135




Results: base models versus calibrated/refined variants
(Brier score), true x-axis, with total model parameter counts

NEEDLE Simulation

Fair Universe HiggsML Model Improvement with LoRA Fine Tuning/Calibration
+ o 6M base model
& + o 4M base model
+ + & 3M base model
+ -
¢ 1.5M base model
0.020 + = + v v 375k base model
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Pgo i 3
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o ‘Q s
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5 23
= )
o 0.010- =
5
©
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8
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0.000 58
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Estimated total training compute cost (TFLPs)
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Results: base models versus calibrated/refined variants
(asimov fit aggregate)

NEEDLE Simulation

Fair Universe HiggsML Model Improvement with LoRA Fine Tuning/Calibration
o 6M base model ﬁ
0.08
o 4M base model
a2 3M base model
¢ 1.5M base model .
+* v 375k base model g
0i05+ + 500k base model =
pd o  Control isotonic calibration 2
@ g
(] ]
5 5 £
— ©
3 0.041 5
= &
: :
2 10° %
0.02 {1 ©
= * \ T °
: t v
= % | '
g T | Y {
$ il o %o
00012 ® H‘ ¥ | b, @
i 5 ~y
o° g 1 2 A 0 ® 5 o o
% ’ ’1:5&1 25 o > &>° &> \,6391 R o~ € 30’50'\'
Estimated total training compute cost (TFLPs)
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More on NLRE:
Density Ratio Approach to
____~— /" Diffusion Probabilistic Models
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Density Ratio Approach to Diffusion Probabilistic Models:
bridging the gap

Where NLRE falls short:
e If there is a clear separation boundary between the two classes
(in some phase-space sub-region)*
¢ You have to perform tricks to get to the likelihood
(“to get rid of the ratio™)

But, NLRE has very good properties:
e Overall good training+inference speed
e “Simple” training task

well known in NLRE. We’re simplifvine the discussion on this point (also in relation to NLE) in the interest of time



Density Ratio Approach to Diffusion Probabilistic Models:
bridging the gap

Where NLRE falls short: Where generative NLE approaches fall short:
e If there is a clear separation boundary between the two classes e Either large total training+inference compute cost*
(in some phase-space sub-region)
¢ You have to perform tricks to get to the likelihood
(“to get rid of the ratio™)

But, NLRE has very good properties:
e Overall good training+inference speed
e “Simple” training task

Reverse Directic
dx = [f(x, t) — g(t)*Vx log pe(x | 9)] dt+g(t) dw

N = 20,090 \ . / N = 19,964 . N = 20,074
X denoise X \‘ denoise ’
0 t/T=0.5
noise noise
=7 0 1 / k -1 0 1

ward Diffusion - SDE
dx = f(x,t)dt + g(t) dw = q(x¢ | x0) = N (x¢; Varxg, (1 — ap)I)

*Here we eive a diffusion



Density Ratio Approach to Diffusion Probabilistic Models:
bridging the gap

Where NLRE falls short: Where generative NLE approaches fall short:
e If there is a clear separation boundary between the two classes e Either large total training+inference compute cost*
(in some phase-space sub-region) or

¢ You have to perform tricks to get to the likelihood e Architecture limitations
(“to get rid of the ratio™)
But, generative NLE:
But, NLRE has very good properties: e Has no problems if an inter-sample separation boundary exists
e Overall good training+inference speed e Gives you the likelihood outright
e “Simple” training task

Reverse Directic
dx = [f(x, t) — g(t)*Vx log pe(x | 9)] dt+g(t) dw

N = 20,090 \ . / N = 19,964 . N = 20,074
X denoise X \‘ denoise ’
0 t/T=0.5
noise noise
=7 0 1 / k -1 0 1

ward Diffusion - SDE
dx = f(x,t)dt + g(t) dw = q(x¢ | x0) = N (x¢; Varxg, (1 — ap)I)

*Here we eive a diffusion



Density Ratio Approach to Diffusion Probabilistic Models:
bridging the gap

Where NLRE falls short: Where generative NLE approaches fall short:
e If there is a clear separation boundary between the two classes e Either large total training+inference compute cost*
(in some phase-space sub-region) or
¢ You have to perform tricks to get to the likelihood e Architecture limitations

(“to get rid of the ratio™)

But, generative NLE:
But, NLRE has very good properties: e Has no problems 1f an inter-sample separation boundary exists
[o Overall good training+inference speed] e Gives you the likelihood outright

e “Simple” training task

What DRDPM (Density Ratio Approach to Diffusion Probabilistic Models) achieves?

e Takes “best of both worlds™: uses probability ratios to directly compute the likelihood
e Primarily focused on speed

e DRDPM still needs its probability ratios to be of very high quality!
e Thus, the same calibration/refinement arguments as for NLRE apply

*Here we eive a diffusion 1listi 5 1 nuanced, and we simplify in the interest of time.



DRDPM: How it works

Reverse Direction

'x

X N = 20,090 \ X pt-l / pt

noise

o

t/T=0.5

-1

0

N= 19,954\‘

X pt-l /pt N = 20,074

noise

1

Forward Diffusion - SDE

T T T
K =¥ 0 1

dx = f(x,t)dt + g(t) dw = q(x¢ | x0) = N (x¢; Varxq, (1 — ap)I)

DRDPM classifier NN gives you:
Class conditional probability

p(t|x, 0) = softmax(z(x, t))

A softmax over diffusion noise levels:
“given x, say which time step t it came from”

In inference, only 1 forward pass is needed

What the DRDPM likelihood needs:

Only the difference of two logits
log (p(x¢]6)) =~ log (p(t|z+, 0))
—log (p(T'|z,0))
No Laplacian, no Jacobian trace, no hutchinson estimator

calculation is required

0 backward passes in inference

e -——



DRDPM: How it works

szo.ogo\ X p /p / N=19,964\‘ X p /p N = 20,074
XO t-1" Fy XT/T=O.5 t-1" Pt

noise noise

y . "
b 1
o 75 i / K -1 0 1 K * 9

Forward Diffusion - SDE

dx = f(x,t)dt + g(t) dw = q(x¢ | x0) = N (x¢; Varxq, (1 — ap)I)

DRDPM classifier NN gives you: What the DRDPM likelihood needs:
Class conditional probability Only the difference of two logits
log (p(x¢|)) ~ log (p(t|21, )
t|x,0) = softmax(z(z,t g
A softmax over diffusion noise levels: No Laplacian, no Jacobian trace, no hutchinson estimator
“given x, say which time step t it came from” calculation is required

inf ly 1 f i
In inference, only 1 forward pass is needed L e R G

Cost of a likelihood scan
TFdiffasten-steps—> 1 X ~Ksolverevaluattons 1 x forward-+baeleward)passes 1 x N events X G scan points in 6

e -——



DRDPM: Inference speed

Total Scan Time vs N (G=100 grid points)
GPU: Tesla P100-PCIE-16GB | Params: 2,705,896

104
=@~ DRDPM Parameterised (fresh eval per grid point)
== DRDPM Factorised (single eval, recycled)
=& ODE Factorised (single eval, recycled)
=¥ DSM Factorised (single eval, recycled)
103 E . 3 .
And it works on asimov signal
o e o '
- injection fits! (see backup)
(]
g 102 4 | | —— DRDPM NLL
+ 1 ! —- Labeled oracle
3 40 1 == True ¢p = 0.250
1% ! —— DRDPM MLE ¢; = 0.248
o 1 . 68% CL (10)
g:) E 95% CL (20)
(=B jﬁ 30 i
2 10! T !
c 2 !
8 M0\, ! o
) E| ¥, ! g
= g RN \ 7
g A\'\ i A i
= 10 o ! -
10° 4 ~ | -
S I e
S i =
g | | sl
g.ZB(] 0.235 0.240 0.245 0.250 0.255 0.260 0.265 0.270
Mixture coefficient ¢
10—1 4
._—
T g 4 T —T g 4 T
103 104 10°

Asimov events N
Cost of a likelihood scan

TFdiffasten-steps—> 1 X ~Ksolverevaluattons 1 x forward-+baeleward)passes 1 x N events X G scan points in 6
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Diffusion probabilistic models, inference cost

Reverse Directic
dx = [f(x, t) — g(t)*Vx log pe(x | 9)] dt+g(t) dw

N = 20,090 \ . / N = 19,964 . N = 20,074
X denoise X \‘ denoise ’
0 t/T=0.5
noise noise
=7 0 1 / k -1 0 1

ward Diffusion - SDE
dx = f(x,t)dt + g(t) dw = q(x¢ | x0) = N (x¢; Varxg, (1 — ap)I)

What the network gives you What the likelihood needs What needs to be solved
A Gradient Divergence —differentiate the network An ODE trajectory
€4(x¢, 1) 1 Dey(x,t) log po(xg) = lo x
Vxlogpu(x | ) =~ V2logpi(x | 0) ~ - T (2220 Bpolx0) Zplosprie)
ot ¢ — 7/ ,B(t)[d + Vg logpi(xy | 0) | dt
V2 is the Laplacian obtained by back-propagating 0

Denoising score matching learns the first derivative i et ik eSO ) v e e,

of the log-density, a vector with d components. through the score. .
runs K steps in solver.

1 forward pass + 1 backward pass x every solver step

Cost of one likelihood scan

T diffusion steps * K solver evaluations x (forward+backward) pass * N events x G scan points in 6

e -——



DRDPM, inference cost

Reverse Direction

'x

X N = 20,090 \ X pt-l / pt

noise

o

t/T=0.5

-1

0

N= 19,954\‘

X pt-l /pt N = 20,074

noise

1

Forward Diffusion - SDE

T T T
K =¥ 0 1

dx = f(x,t)dt + g(t) dw = q(x¢ | x0) = N (x¢; Varxq, (1 — ap)I)

DRDPM classifier NN gives you:
Class conditional probability

p(t|x, 0) = softmax(z(x, t))

A softmax over diffusion noise levels:
“given x, say which time step t it came from”

In inference, only 1 forward pass is needed

Cost of a likelihood scan

What the DRDPM likelihood needs:

Only the difference of two logits
log (p(x¢]6)) =~ log (p(t|z+, 0))
—log (p(T'|z,0))
No Laplacian, no Jacobian trace, no hutchinson estimator

calculation is required

0 backward passes in inference

TFdiffasten-steps—> 1 X ~Ksolverevaluattons 1 x forward-+baeleward)passes 1 x N events X G scan points in 6

e -———



DRDPM: more details on the model used and method bas1cs

____________

s N dx = f(x,t)dt + g(t) dw

! Target v - : Anchor |
" Distribution | = 4(xt|X0) =N(xt: Varxo, A —ao)l) i picinution |
e Forward Diffusion Process: : : : P
o Acts as an interpolation strategy D (zo|6) E D (z741/0) !
between the target distribution p(x, | 6) i N ' '
and a Gaussian anchor p(x_. | 6) ’
e Neural Surrogate:
o  The neural surrogate learns a time step 4o i
multi-classifier:
P o) —@feo- [pt=0z0) [ . |[ . |[pe=Tix0)
e Likelihood:
o  The likelihood can be extracted
analytically from the Gaussian Pigi |0(X | 0) = pt(T +1) pt|x,9(t I s’ 9) N(x; 0.1),
probability path by the density ratio of pe(t)  |pyxe(T +1]x,0)

the end logits t=0 & t=T




DRDPM: more details on the model used and method basics

Particle branch (x_t)

e Forward Diffusion Process:
o  Acts as an interpolation strategy
between the target distribution p(x, | 0)

and a Gaussian anchor p(x_. | 6)

e Neural Surrogate:
o  The neural surrogate learns a time step

multi-classifier:

e Likelihood:
o  The likelihood can be extracted

analytically from the Gaussian

probability path by the density ratio of

Label branch (6)
parameter of interest noised event, 4 features / particle
label [B] or [B,1] x_t [B, n_p-d p]
unsqueeze [B, 1] reshape to particle layout | (B, n p, d p]
ZeroToOneTimeEmbedding (B, label _enbed] Linear: particle_proj [B, n_p, dmo
label embedding d_p - d_model
+ learned positional [B, n_p, d_mo

Linear — d_model [B, d model]

epend label as special tok:

Concatenate [label, particle_1, ..., particle_n_p]
special-token fusion (default path)

LayerNorm - input_norm

l

Transformer encoder block - one of n_layers = 6
pre-norm - residual - GELU FFN

LayerNorm (pre-norm before attention)

In

Multi-head self-attention
full sequence attends within one operation

| head 16

! [ head1 |[ head2 |[ head3
heads split d_model internally - outputs concatenated

1

Residual add (skip connection from block input)

1

LayerNorm (pre-norm before feed-forward)

L

Linear — GELU — Dropout — Linear (d_ff = 256)

l + residual add

x 5 more identical blocks

!

LayerNorm - output_norm

I

Pool at 6-token position (index 0)

l

Classifier head

[B, 1+n_p, d_model]

[8, 1+n p, d model]

[B, 1+n_p, d model]

[B, d_model]

[B, 1000]

LN - Linear(d_model ~d_ff) -~ GELU - Dropout - Linear(d_ff - 1000)

the end logits t=0 & t=T



DRDPM: 3-body decay dataset details

(poass
0003 00030
oouas
R ooon0
w2 0003 % i
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S e D | e .,
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| 02
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e

e Monte Carlo - 12-Dim. Generator Space
o  Generate 3-particles with 4-vector information:

Energy: N E_L .

Momentum x-axis: p_ —

Momentum y-axis: P, —

)

Momentum z-axis: p,

o Record matrix elements of each sample point in the (s ,, s,,) space:

122

° Evaluate the matrix element
° Calculate the phase-space element T T ~ T T T ~
e Normalise by the solid angle of N, 0! |:| L N:O ! '
emission in 3D space N ! N1 !
° Normalise by the width of the decay 0 D L '
2 N2 O N2y :
P12d($ | 0) — |M(.Z'0)| d(b3(0) — : : 1 1
F(@) Vanglos ' i | ! |
| L |
N, N! [] 5 NK )

025 050 075 100 125 150 175 200
None




DRDPM: asimov fit results and setup

T T T T T T T T

1200 [ @ Component 0 (co = 0.150) (Prefit| ]
[ Component 1 (c; =0.850)
e Monte Carlo Asimov — Total MC
1000 ® Asimov data

o  Construct an entirely MC based ‘observed’
dataset with the task of extracting the mixture
coefficient ‘c’:

m  Black points: MC based asimov
‘observed’ data
Histograms: MC Expectation

800

600

Events

400

Particle 1

Particle 2

=1

Particle 3




DRDPM: asimov fit results and setup

= DRDPM NLL
=+ Labeled oracle
== True cp = 0.250
== DRDPM MLE ¢y = 0.248
----- 68% CL (10)
95% CL (20)

e Monte Carlo Asimov a0
o  Construct an entirely MC based ‘observed’
dataset with the task of extracting the mixture

coefficient ‘c’: gE 7
m  Black points: MC based asimov 1
‘observed’ data % &
m  Histograms: MC Expectation 371
=
<

e POI Scan:
o Run a scan over the mixture coefficient range
c €[0.05, 0.45]

p(zle) = ¢ - p(x]6o) + (1 — ) - p(z]61)

0.250 0.255 0.260 0.265 0.270
Mixture coefficient co




