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« Optimal classifier o [‘ ‘ ‘ ‘\ f‘ ‘ ‘ ‘\
Roptimal(x) — 1 (X) ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘
» For Machine Learning use binary cross entropy ‘ ‘ ‘ ‘ ‘ ‘ ’ ’
|
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“‘Classification without labels: Learning from mixed samples in high energy physics” [1700.02949I, E. Metodiev, B. Nachman,
J. Thaler
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“‘Classification without labels: Learning from mixed samples in high energy physics” [1700.02949I, E. Metodiev, B. Nachman,
J. Thaler
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Ry = FiRopuma () + (1= ) 0000/ 0000,
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How do we pick the best
classifier architecture?
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Pick on simulations

Pick on data
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Pick on simulations

« Advantages: metrics that directly access
background & signal labels

« Disadvantages: less model agnostic,

dependent on specific simulation & chosen
signals

Pick on data
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Pick on simulations

« Advantages: metrics that directly access
background & signal labels

« Disadvantages: less model agnostic,
dependent on specific simulation & chosen
signals

Pick on data
« Advantages: more model agnostic
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Pick on simulations

- Advantages: metrics that directly access o0 [ SIG
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-2 Investigate how problematic this noise is
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“The LHC Olympics 2020: A Community Challenge for Anomaly Detection in High Energy Physics” [2101.08320], G.
Kasieczka, B. Nachman, D. Shih et. al.
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BCE = —log Ppred, true
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« SIC curve calculated at all classifier scores 0.14] T sl
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» SIC curve calculated at all classifier scores 014! ¥ T sl
—>Can pick large threshold 012
@ 0.10
« Val SIC very close to random ~ 0.08
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Idea: 164 —* Default Hyperparameters
« Test HP configurations and ————— |
pick best based on each 147
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Results: %
« Benchmark: Default HP E N
optimized for this setup 6
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Idea:

164 —* Default Hyperparameters
—o— Optimized on Max SIC

» Test HP configurations and

pick best based on each 14 -
metric o
@10
Results: %
» Benchmark: Default HP © °
optimized for this setup 6

« Max SIC: Performance
comparable to benchmark
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Idea: 164 —* Default Hyperparameters
» Test HP configurations and e 8232!223 on :/ijLics:

pick best based on each 1

metric .
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Results: %
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« Max SIC: Performance "
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- Val loss: fails at low N, “
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Idea:

164 —* Default Hyperparameters
. . —o— Optimized on Max SIC
« Test HP configurations and e Optimized on Val Loss
ple best based on each 141 —e— Optimized on Val SIC
metric o
@ 10
Results: 5
x 81
« Benchmark: Default HP g
optimized for this setup 6

« Max SIC: Performance
comparable to benchmark

- Val loss: fails at low Ng;,4

* Val SIC: Performance close to 0 50 100 150 200 250 300 400 500 600 700 800 900 _ 1000
max SIC & benchmark Nsig
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Procedure:

| —e— NN

16
» Pick several architectures o :f:soost
« Optimize HP for each -
« Train each setup on 7z data, 121

evaluate metrics on ¥z data
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Procedure:
164 NN
* Pick several architectures : :j ¥
aBoost
141 —e— Picked configuration

« Optimize HP for each

« Train each setup on 7z data, 121
evaluate metrics on ¥z data

» Pick best setup based on

max &s/y €p
=
o

metric 8 1
6 .
Result:
4_
Val SIC picks best model almost -
everywhere 2
—>Fails at very low signal .
injections (expected) 0 50 100 150 200 250 300 400 500 600 700 800 900 1000

N sig

23/07/2025 Model agnostic optimisation of weakly supervised anomaly detection — Marie Hein




..

Conclusion i 5., | RWTHOACHEN

and Cosmology

* |Investigated two data-driven metrics for

Default Hyperparameters
Optimized on Max SIC
Optimized on Val Loss
Optimized on Val SIC
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* |Investigated two data-driven metrics for

model agnostic setup optimization 16| —*= Default Hyperparameters

—o— Optimized on Max SIC
—e— Optimized on Val Loss

1. Val loss: too sensitive to background 141 —e— optimized on Val SIC
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* |Investigated two data-driven metrics for

model agnostic setup optimization 16| —*= Default Hyperparameters

—o— Optimized on Max SIC
—e— Optimized on Val Loss

1. Val loss: too sensitive to background 141 —e— optimized on Val SIC

124

distribution

2. Val SIC: highly correlated with max SIC

by focusing on most signal-like events 6
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* |Investigated two data-driven metrics for

model agnostic setup optimization 16| —*= Default Hyperparameters

—o— Optimized on Max SIC
—e— Optimized on Val Loss

1. Val loss: too sensitive to background 141 —e— optimized on Val SIC

124

distribution

2. Val SIC: highly correlated with max SIC

by focusing on most signal-like events 6

max &s/v Eg
® =)

» Optimizing on val SIC leads to excellent

anomaly detection performance
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* |Investigated two data-driven metrics for

model agnostic setup optimization 16| == Default Hyperparameters
—— ptimizea on MaXx

—e— Optimized on Val Loss

1. Val loss: too sensitive to background 147 —e= Optimized on Val siC
distribution
@ 10
2. Val SIC: highly correlated with max SIC N
by focusing on most signal-like events .

» Optimizing on val SIC leads to excellent

anomaly detection performance
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» Behind the scenes: Seen comparable results
for CWola Hunting and CATHODE
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params = {}

params["1r"] = float(np.random.choice([0.01, 0.005, 0.001, 0.0005, 0.0001]))
params ["batch_size"] = int(np.random.choice([64, 128, 256, 512, 1024, 2048, 5096]))
params ["layers"] = [64,64,64]

params ["epochs"] = int(30)

params ["dropout"] = float(np.random.choice([0, 0.1, 0.2, 0.3, 0.4, 0.5]))
params ['weight_decay"] = float(np.random.choice([0,1le-4, le-3, le-2, 1le-5]))
params ["momentum"] = float(np.random.choice([0.9, 0.99, 0.8, 0.95]))
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Do for each N,

A
| _ \
Perform Ny, = 100 times Choose best HP based Run training with
—>
on val SIC these HP
R;ar?:rg?; N Train BN Calculate — Choose best HP based E Run training with
J HP Classifier mettrics on val loss these HP

23/07/2025

1

DT models: Train 10x
and take mean

NN: Train 1x but take
best over all epochs

Choose best HP based Run training with
on max SIC these HP

!

Important!

All metrics get the same set of
HP to choose from, i.e. optimal
choice is identical
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Baseline
16 1
14  Different metrics show very
similar performance
e * While performance at Ny, =
[ 101 1000 is optimal with default
& hyperparameters, optimizing
s 8 for lower signal injections
- T
6 can result in slight
performance gain
“ —e— Default  Trend generally holds up for
, | —o— ValsIc extended sets but
—e— Val Loss :
—e— Max SIC performance gain decreases
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Think u%gﬁgssrgl setup Optimize HP Train optimized setup on Pick final Retrain
. Classi figr cholice for each ¥2 data, calculate metric setup based setup on full
option on %z data on metric data
* Ensemble strategy
AdaBoost g
HistGradientBoost >
MLP g
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Picking option based on val SIC
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What we pick
16 | Half statistics
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